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Abstract
Wood residential construction is vulnerable to hurricanes, as evident in recent hurricane
events. Many studies indicated that the changing climate may very likely alter hurricane
patterns, which could lead to more severe hurricane damage to the wood residential
construction that accounts for 90% of the residence in the USA. On the other hand,
deterioration of material increases the chance of structural failure by reducing the structural
capacity (e.g., corrosion of fasteners in roof panel could significantly reduce the withdrawal
capacity of the roofing structure during hurricane events).
Currently, most hurricane damage estimations only focus on direct loss (e.g., structural
loss). Under this context, hurricane damage to wood residential construction could be
underestimated. Other than just evaluating direct monetary loss, this research evaluates
indirect, social disruption, and environmental losses of wood residential construction
subjected to hurricane events considering a changing climate.
This dissertation proposes a framework to evaluate hurricane resilience of residential
community, which has been recognized a more comprehensive risk-based measure for risk
assessment. The advantages of applying hurricane resilience framework include: 1) the
incorporation of community recovery time modelling from hurricane events, 2) the ability
to integrate all the key input from traditional risk assessment framework into a simple
probabilistic expression, 3) a more accurate criterion to be used in the planning stage for
designer and decision maker. The proposed framework consists of hurricane fragility
analysis, reliability analysis, loss evaluation (i.e., direct, indirect, social disruption, and
environmental losses), recovery time model, and potential impacts on hurricane hazard
patterns from a changing climate. Sources of uncertainties in the framework include: 1)
structural capacity uncertainty (e.g., changes in roof-panel-resistance-side due to effects of
corrosion on metal fasteners), 2) load uncertainty (e.g., hurricane wind characteristics,
hurricane simulations), 3) uncertainty in loss estimation, 4) recovery time modeling
uncertainty, and 5) uncertainty from climate change.
xiii

1. Introduction
1.1 Background and Motivations
Wood residential construction is among the structures that are susceptible to natural
hazards (e.g., hurricane, earthquake and flooding). Light-frame wood construction is the
most widely built structure in the United States (U.S.). 90% of residential buildings are
light-frame wood construction (NAHB. 1999). The insured coastal property values in
Florida contributed to the rise in insurance claims due to the increase of hurricane damage
by 55% from the year 1988 to 1993, with totals increasing from $566 billion to $872 billion
(Stewart et al. 2003). It is estimated that the damage caused by Atlantic hurricanes in 2004
to 2005 was more than $150 billion (Pielke Jr et al. 2008). Clark (2008) stated that
Hurricane Katrina (2005) caused 1,833 death and countless injuries with an accordingly
$43.6 billion in insurance losses. In addition, hurricanes have large environmental impact
because each time a damaged structure is rehabilitated after a hurricane event, new
materials are consumed and greenhouse gases emissions produced (Arroyo et al. 2015).
It had been reported that the changing climate is the contributor to the rising sea
temperature (SST) in recent decades (IPCC 2007). Hurricane frequency and intensity have
increased to a certain extent in the Atlantic Ocean in recent years (Goldenberg et al. 2001;
Msadek et al. 2015). The latest ASCE 7-16 added 3000-year return period for design wind
map for risk category IV structures and increased the corresponding wind speeds in
southeast area in consideration of the possibly aggravating hurricane activity in the future
(http://kupce.ku.edu/sites/kupce.ku.edu/files/docs/cpep/structural/speaker-presentations2016/soules.pdf). There are studies that have shown that the increased hurricane frequency
and intensity are very likely affected by the rising SST (Elsner et al. 2008; Emanuel 2005;
IPCC 2007; Mann et al. 2007). Accordingly, the increase of both will inevitably aggravate
the degree of damage to coastal buildings (Banholzer et al. 2014).
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The effect of corrosion on structural performance should not be ignored since corrosion
increases the vulnerability of structural systems during hurricanes (Salman and Li 2016).
For example, the effects of corrosion can render the reduction of strength in wood roof
panels which will make the roof structure more vulnerable to intensified hurricane hazards
(Leicester 2001; Nguyen et al. 2011; Nguyen et al. 2013).
Roof panel has been identified as one of the most vulnerable component for hurricanes
(Sparks 1991). In most cases, the structural envelop breach that starts from the damage of
roof panel will cause the correspondingly progressive damage (e.g., rainwater intrusion)
(Manning and Nichols 1991). Therefore, a cost-effective mitigation strategy needs to be
proposed and evaluated. The previous studies have investigated some mitigation strategies.
For example, Datin et al. (2011) explored the employment of closed-cell Spray
Polyurethane Foam (ccSPF) to reinforce the roof panel. Unnikrishnan and Barbato (2016)
proposed to use 8d nail size instead of 6d for roof to rafter connection.
In the last few decades, significant research was devoted to developing risk assessment
frameworks for residential buildings subject to hurricane hazard. Leicester et al. (1979)
developed fragility curves based on hurricane damage survey after cyclone Tracy in 1974.
Stubbs and Perry (1996) conducted component fragility analysis based on different
component vulnerability models. Huang et al. (2001) built a hurricane loss evaluation
framework for single house units using insurance data from Hurricanes Hugo and Andrew.
Pinelli et al. (2004) developed a risk assessment model of residential construction using
basic damage modes for individual structural and non-structural components. Li and
Ellingwood (2006) proposed a framework to evaluate reliability of wood residential
construction by convolving structural fragility and wind distribution function. van de Lindt
et al. (2007) developed a performance-based approach that included the fragilities for
different performance objectives applied to wood construction. Bjarnadottir et al. (2011)
improved the risk assessment framework by integrating the potential impact of climate
change on hurricane wind speed. Barbato et al. (2013) proposed a probabilistic
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performance-based hurricane engineering (PBHE) framework for the risk assessment and
loss analysis of structural systems subjected to hurricane hazards.
The up-to-date studies regarding climate change and corrosion risk analysis mainly focused
on reinforced concrete (RC) and steel structures. The main driver to increased RC corrosion
is carbon dioxide (𝐶𝐶𝑂𝑂2) concentration, temperature, and relative humidity (Hunkeler

2005). Corrosion of steel reinforcement occurs when carbonation of the concrete cover, or
chloride concentration at the level of the steel reinforcement exceeds a critical level; in
both conditions, expansive corrosion generates tensile stresses on the concrete which
causes cover cracking and eventually spalling and loss of structural capacity (Stewart et al.
2012). Wang et al. (2012) proposed the corrosion damage state as when crack widths
exceed 1.0 mm and conducted probabilistic analysis of concrete corrosion considering the
worst emission scenario A1F1 proposed by IPCC in Australia. Stewart and Deng (2015)
assessed the direct costs of corrosion on RC structures and effectiveness of adaptation
strategies considering climate change. Peng and Stewart (2016) adopted the damage state
above and conducted time-dependent risk analysis for RC structures in China. Nguyen et
al. (2013) investigated the potential impact of climate change on the atmospheric corrosion
rate of exposed steel structures.
It needs to be noted that hurricane risk assessment shares a great uncertainty, in particular
under the potential impact of climate change (Stainforth et al. 2005). Two types of
uncertainty (i.e., aleatoric uncertainty and epistemic uncertainty) can be identified in the
risk assessment process. Aleatoric uncertainty can be identified and quantified, however,
it cannot be reduced because of the unpredictable and random nature of the physical
system. On the other hand, epistemic uncertainty is the results of lack of knowledge of the
system and can be quantified by conducting sensitivity analysis. Epistemic uncertainty can
be reduced by a better understanding and comprehensive study of the system. In this study,
the aleatoric uncertainties are found in the random variables (e.g., hurricane intensity and
frequency in hurricane simulation model, wind load parameters) due to their inherent
randomness. The epistemic uncertainty includes where assumptions are made (e.g., the
3

vulnerability function, corrosion rate, ultimate capacity of roof panel, assumed discount
rate, recovery time function etc.).
Based on the review of existing risk assessment framework, the following observation can
be made: 1) previous studies have not considered the combining effects of climate change
and corrosion on wood structures in the risk analysis; 2) while most previous studies
conducted loss analysis, the loss estimation was only limited to structural or structural
related damage under hurricane events; 3) previous research has not considered the
potential impact of climate change on wind speed by identifying two parameters (i.e.,
frequency and intensity) in hurricane simulation; 4) previous studies have not considered
the community recovery time in the risk assessment framework.
Due to the limitations of the existing risk assessment frameworks, a more accurate and
comprehensive risk assessment needs to be studied. Hurricane resilience, which has been
identified as a more effective metric for the risk assessment of residential community,
refers to the ability of communities to withstand the impacts of hurricane events and to
recover from such disasters in effective and efficient manners. The proposed community
resilience framework consists of hurricane fragility analysis, reliability analysis, loss
evaluation (i.e., direct, indirect, social disruption, and environmental losses), recovery time
model, and potential impacts on hurricane hazard patterns from a changing climate.
The evaluation of community resilience can be achieved by de-aggregating community
resilience to individual resilience and quantification of individual resilience (Wang and
Ellingwood 2015). Tokgoz and Gheorghe (2013) quantified hurricane resilience for
individual residential building. Other than hurricane, resilience has also been used in
assessing risks regarding other natural hazard such as earthquakes (Bonstrom and Corotis
2014; Bruneau et al. 2003; Bruneau and Reinhorn 2007; Cimellaro et al. 2010; Wang and
Ellingwood 2015).
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The motivation of this study comes from: (1) It was unknown how a changing climate and
effect of corrosion affect the performance of the roof structures; (2) the traditional cost
analysis does not include indirect, environmental, social disruption costs; and (3) it is
needed to establish and improve hurricane resilience assessment framework in order to
more accurately measure hurricane risks to residential construction.

1.2 Objectives
The objectives of this dissertation are
1. Evaluate the reliability of wood roof panels with zinc-coated fasteners subjected to
hurricane events considering the combined effects of changing climate and
embedded corrosion and extend the traditional risk assessment of untreated wood
construction to treated wood construction.
2. Proposed and evaluate various retrofitting strategies to reduce the hurricane damage
to the roofing structure.
3. Assess hurricane damage to wood residential construction in monetary losses
including direct, indirect, social disruption, and environmental impact.
4. Conduct hurricane simulations including both stationary and non-stationary
scenarios in the process of risk analysis.
5. Propose a probability-based comprehensive framework to assess hurricane
resilience of residential community.

1.3 Organization and Outlines
Each of the chapters from Chapter 2~5 are from a single paper that has either been
published by a journal, or submitted to a journal. Chapters 2~5 are summarized as follows.
5

Chapter 2 proposes a framework of hurricane risk assessment of coastal wood construction
considering effects of climate change on altering patterns of hurricane hazard and
embedded corrosion of metal fasteners in hurricane risk assessment. Uncertainty in loadside (hurricane wind speed) and changes in roof panel resistant-side (the effects of
embedded corrosion on the diameter of metal fasteners) are considered. The effectiveness
of various retrofitting strategies is assessed.
Chapter 3 evaluates the loss of the wood residential construction subjected to hurricane
winds including direct, indirect loss and environmental impact. Hurricane simulation
model is used to predict the future wind speed accounting for the key parameters of climate
change such as intensity and frequency. Four structural damage modes and the effect of
corrosion are considered in the structural fragility analysis.
Chapter 4 proposes a framework to evaluate if a residential community could achieve its
resilience goal by de-aggregating the community resilience goal to individual building
resilience goal and quantifying the individual building resilience. The de-aggregating of
community resilience for hurricanes will be investigated. The presented results also can be
used for decision makers to achieve the goals of community resilience through initial
design and hurricane mitigation.
Chapter 5 aims to improve the framework aforementioned in Chapter 4, and investigates
the sensitivity of the hurricane resilience of communities by including three key
components, a changing climate, social disruption cost, and environmental cost. Hurricane
simulation models in the framework include both stationary and non-stationary wind
scenarios.

6

2. Reliability of Roof Panels in Coastal Areas Considering
Effects of Climate Change and Embedded Corrosion of
Metal Fasteners 1
2.1 Introduction
In recent decades, it has been recognized that the effects of climate change could alter
patterns of hurricane hazards, which would aggravate the degree of damage to coastal
buildings (Banholzer et al. 2014). Many researchers have reported increasing hurricane
intensity activities over the last 30 years (Emanuel 2005; IPCC 2007; Mudd et al. 2014). It
was estimated that the effects of climate change will increase hurricane-induced losses in
the United States by up to 75% by 2080 (Donat et al. 2011). On the other hand, the effects
of corrosion can render the reduction of strength in wood roof panels which will make the
roof structure more vulnerable to intensified hurricane hazards (Leicester 2001; Nguyen et
al. 2011; Nguyen et al. 2013).
The coastal wood structure performances under hurricane wind loads were investigated in
the past; and the building envelope is the most vulnerable part of residential construction
to hurricane-induced damage (Bjarnadottir et al. 2011; Ellingwood et al. 2004; Li and
Ellingwood 2005; Li and Ellingwood 2006). Manning and Nichols (1991) found that
damage or failure of the roof structural system might cause walls to lose lateral support and
lead to building failure. It was estimated that approximately 60 % of the total damage from
hurricane Hugo occurred to residential buildings, the majority of which is due to the roof
panels’ failure (Sparks 1991). Baskaran and Dutt (1997) indicated that nearly 95% of
monetary losses from hurricanes Iniki (1992) and Andrew (1992) were a result of the
failure of roof panel systems. Keith and Rose (1994) observed that almost 24% of
residential wood constructions in South Florida lost one or more roof-sheathing panels and
proposed that failures of the roof result from inadequate resistant of fasteners to wind uplift.

1
A version of this chapter was previously published in ASCE-AMCE J. Risk Uncertainty Eng. Sys., Part A:
Civ. Eng., and is re-used herein with permission from Elsevier. The permission is presented in Appendix A.
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In this chapter, the building performance limit state is defined as the breach of the building
envelope through the failure of roof panels.
Climate change is defined as a long-term atmospheric phenomenon that includes
significant change in the state of the climate (IPCC 2007; Wang et al. 2012). IPCC (
Intergovernmental panel on climate change) (2007) has identified five climate changes of
particular importance to coastal constructions, which are rising sea levels, increases in
hurricane intensity, intense precipitation events, arctic temperature, and very hot days.
Scientists specifically indicate the possibility of significant alteration of severe hurricane
wind intensity and frequency worldwide, which falls in the period of existing buildings and
infrastructure (CSIRO 2014). Wang et al. (2013) suggested that ± 10 𝑚𝑚/𝑠𝑠 changes in
extreme wind gust speeds in a 500-year return period are likely to happen when subjected
to ± 20 % intensity change and ± 50 % occurrence frequency change of hurricanes.

Knutson et al. (2010) predicted a global warming with an increase of + 2 % to + 11 % in

the mean maximum annual wind speed in 21st century. Mudd et al. (2014) showed a

maximum increase of approximately 20 % in the mean maximum wind speed for the 700-

year event in U.S. east coast areas. Furthermore, the intensified hurricane events will cause
more severe damage to coastal building considering that the current design codes exclude
the potential impact of changing climate.
There has been growing recognition of the need for a more explicit consideration of
material degradation effects (Bjarnadottir et al. 2011). This study is among the first to take
the effects of embedded corrosion into account in the risk assessment of wood roof panels.
The embedded corrosion is defined as corrosion on shanks of the fasteners that are tightly
embedded in wood, where the corrosive agents are the wood acidity, preservatives and
moisture (Nguyen et al. 2011; Nguyen et al. 2013). Nguyen et al. (2008) adopted a power
law function in CCA (Chromated copper arsenate)-treated wood to describe the progress
of corrosion with time. The function demonstrates that the corrosion progresses
successively for steel fasteners with zinc coatings in that the corrosion progress is unlikely
to be diminished by the corrosion product due to the chemical agent of CCA-treated wood
8

(Nguyen et al. 2013). Nguyen et al. (2011) assumed that the zinc-coating is only viewed
for protection and does not increase the fastener strength. Based on that, the fastener
strength can be determined by the remaining thickness of the fastener cross-section.
This chapter proposed a framework of hurricane risk assessment of coastal wood
construction considering effects of climate change on altering patterns of hurricane hazard
and embedded corrosion of metal fasteners (metal fastener refers to nail in this chapter) in
hurricane risk assessment. Uncertainty in load-side (hurricane wind speed) and changes in
roof panel resistant-side (the effects of embedded corrosion on the diameter of metal
fasteners) are considered. The effectiveness of various retrofitting strategies is assessed.
Some of the improvements in this chapter over previously studies include: 1) considering
roof panel withdrawal capacity degradation due to embedded corrosion of fasteners; 2)
determining hurricane-induced load with IPCC designated climate change scenarios; 3)
extending hurricane risk analysis of untreated wood to treated wood (CCA) construction;
4) investigating retrofitting strategy to be applied in the wood roof panels.

2.2 Hurricane Wind Models and Impact from Climate Change
A wide range of hurricane wind models have been developed. Generally, there are three
categories: general circulation models (GCMs), Monte Carlo simulation, and peaks-overthreshold methods. GCMs are built on a solid theoretical foundation but are not frequently
used due to their overwhelming computing demand (Lorenz 1967; Wang et al. 2013; Weart
2008). The advantages of peaks-over-threshold methods include that they do not need the
climate data every year, but the projected results tend to be quite conservative; the most
popular distribution for the method is generalized Pareto distribution (GPD) (Walsh 2004;
Wang et al. 2013). Vickery and Twisdale (1995) employed Monte Carlo simulation
techniques to estimate extreme wind speeds based on sufficient existing data; the model is
used as the basis for wind speed contours along the coastlines of the US, which
demonstrates very good agreement with recorded mean and gust time histories for most
locations affected by severe hurricanes.
9

IPCC (2007) indicated that increase in wind speeds is very likely to happen due to the rise
in sea surface temperature (SST) and a 1 ℃ increase in SST converts to a nearly 5%
increase in hurricane speed. For the projected worst-case scenario (i.e., Representative
Concentration Pathway 8.5) in the IPCC Fifth Assessment Report (AR5), the bound of
range is an increase from 2.6 to 4.8 ℃ in SST (Stocker et al. 2013). Liu and Pang (2013)
indicated that the wind speed may increase by more than 24% by the end of the 21st century
in hurricane-prone areas. It needs to be noticed that the wind pressure acting on a building
envelope is related to the wind speed, and the wind pressure 𝑊𝑊(𝑡𝑡) acting on structure is
determined by ASCE (2010),

(2.1)

𝑊𝑊(𝑡𝑡) = 𝑞𝑞ℎ (𝑡𝑡)[𝐺𝐺𝐶𝐶𝑝𝑝 − 𝐺𝐺𝐶𝐶𝑝𝑝𝑝𝑝 ]

in which 𝑞𝑞ℎ (𝑡𝑡) = velocity pressure evaluated at mean roof height at t year, 𝐺𝐺 = gust

factor, 𝐶𝐶𝑝𝑝 = external pressure coefficient, and 𝐶𝐶𝑝𝑝𝑝𝑝 = internal pressure coefficient. 𝐺𝐺𝐶𝐶𝑝𝑝 is

the external pressure coefficient, which is area-dependent on the zone of the building
envelope considered as shown in Fig. 2.1. Interior pressure coefficient (GC𝒑𝒑𝒑𝒑 ) for both fully

enclosed and partially enclosed residential constructions are considered. It needs to be
noted that the greatest wind pressures on a roof occur in the regions of flow separation at
the ridge, eave and corners (Zone 2 and 3) and the roof panels are model as components
and cladding (C&C) (ASCE 2010). This is the basis for the winds pressures in ASCE
Standard 7. The velocity pressure is calculated as
(2.2)

𝑞𝑞ℎ (𝑡𝑡) = 0.613𝐾𝐾ℎ 𝐾𝐾𝑧𝑧𝑧𝑧 𝐾𝐾𝑑𝑑 𝑉𝑉 2 (𝑁𝑁⁄𝑚𝑚2 )

in which 𝐾𝐾ℎ = exposure factor, 𝐾𝐾𝑧𝑧𝑧𝑧 =topographic factor (taken equal to unity in this

chapter), 𝐾𝐾𝑑𝑑 = directional factor, 𝑉𝑉(𝑡𝑡) = 3s wind speed at the height of 10 m (33 ft) in an
open-country exposure at t year. Table 2.1 summarizes the wind load statistics for a typical

low-rise residential structure. The dimensions are 8.5 m by 12.2 m (28 ft by 40 ft), and the
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mean roof height is 3.8 m (12.5 ft). The external pressure coefficients (𝐺𝐺𝐺𝐺𝑃𝑃 ) are dependent
on various gable roof slopes.

Figure 2.1 Roof panel zones for wind pressure (Gable roofs 6:12 (7° < 𝜃𝜃 ≤ 27° )
Table 2.1 Wind load statistics
𝐾𝐾ℎ (Exposure B)
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 1:12,
𝜃𝜃 < 7° )
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 6:12,
7° < 𝜃𝜃 ≤ 27° )
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 12:12,
27° < 𝜃𝜃 ≤ 45° )
𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃 (Enclosed)
𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃 (Partial enclosed)
𝐾𝐾𝑑𝑑
C&C: Component and cladding

Mean
0.57

COV
0.12

CDF
Normal

Source

2.02

0.22

Normal

2.32

0.22

Normal

(Li
and
Ellingwood
2006)

1.12
0.15
0.45
0.89

0.22
0.05
0.09
0.14

Normal
Normal
Normal
Normal

Liu and Pang (2013) examined the changes in wind speeds over time for different climate
scenarios and plotted against the projection years for 50-year mean recurrence interval
(MRI) wind speeds. It is found that the climate change scenarios (OMA (oscillating moving
average) +RCP (Representative Concentration Pathway) 8.5) and (LMA (Linear Moving
11

Average) +RCP8.5) have the highest wind speeds by the end of the century and highest
rates of increases in wind speeds over time (Liu and Pang 2013).
In this chapter, five climate change scenarios from IPCC will be considered, which are: 1)
OMA+RCP8.5, 2) OMA+RCP4.5, 3) OMA+RCP2.6, 4) CON+RCP8.5, 5) LMA+RCP8.5.
Oscillating Moving Average (OMA) and Linear Moving Average (LMA) are annual storm
frequency models while Constant (CON) is a baseline model which assumes the annual
storm frequency to remain stationary over time with a constant mean and standard
deviation. The IPCC Representative Concentration Pathway (RCP) is Sea Surface
Temperature model (SST) and includes: 1) a climate change retrofitting scenario leading
to a very low forcing level of 2.6 𝑤𝑤/𝑚𝑚2 (RCP2.6), 2) a medium stabilization scenario

(RCP4.5), and 3) a high scenario (RCP8.5). The projected 50-year return period wind

speeds are shown in Table 2.2. Liu’s model is integrated in the framework to get the annual

probability of failure because the non-stationary hurricane wind speed due to climate
change is considered.
Table 2.2 Projected 50-year return period gust wind speed (m/s) in Miami (Bjarnadottir et
al. 2011; Liu and Pang 2013; Mudd et al. 2014)
Year
2020
2030
2040
2050

LMA+RCP
8.5
60
62
64
69

OMA+RCP
8.5
60
61
63
68

OMA+RCP
4.5
59
61
62
65

OMA+RCP
2.6
59
60
61
64

CON+RCP
8.5
55
59
62
66

2.3 Time-Dependent Roof Panel Uplift Resistance
A typical roof sheathing arrangement for a one-story light-frame wood residential house
illustrated in Fig. 1 is considered for this chapter. For the interest of practice, gable roof
without roof overhang is selected with various slopes including 1:12, 6:12, and 12:12.
Recently it is reported that the membrane roofs (continuous roofing system), which is used
on flat or closely flat roofing system to prevent leaks and water intrusion, are becoming
12

increasingly popular in residential application in the United States (Carter 2007). Hence a
representative low slope of 1:12 is selected in the example. A 6:12 slope is chosen from
the conventional roof pitch from 4:12 to 9:12, which is the dominating roofing system
currently in South Florida and a 12:12 slope from steep-slope roofing system (Schmid
2013).
The roof panel is 1.2 m by 2.4 m (4 ft by 8 ft) with two nailing patterns: nominal nail
diameters are 2.9 mm and 3.3 mm (0.113 in. and 0.131 in.) for “6d” and “8d” nails,
respectively. The building codes suggest that the steel fasteners are hot-dip galvanized to
American Society for Testing and Materials (ASTM) A153, Class D, which is averagely
0.3 𝑘𝑘𝑘𝑘/𝑚𝑚2 (1 𝑜𝑜𝑜𝑜/𝑓𝑓𝑓𝑓 2 ). The coating thickness regarding to density required to equal 0.3
kg of zinc per square meter of surface is 43𝜇𝜇𝜇𝜇 (1.7 mils). American Galvanizers

Association (AGA) stipulated that the coating thickness for all shapes and sizes of nail
ranges from 35.6 to 99.1 𝜇𝜇𝜇𝜇 (1.4 to 3.9 mils) (AGA 2012). Based on above information,

the thickness of zinc coating is set to be 43 𝜇𝜇𝜇𝜇 (1.7 mils) in the chapter.

Panels are nailed at a spacing of 150 mm (6 in.) at the edges of the perimeter and 300 mm

(12 in.) in the panel interior and the sheathing thickness is 15.9 mm (15/32 in) (Li and
Ellingwood 2006). The framing members, such as trusses or rafters, consist of 50.8 mm by
101.6 mm (2 in. by 4 in.) Spruce-Pine-Fir (SPF) lumbers and are spaced 0.6 m (24 in.) on
center with a specific gravity of 0.36.

2.3.1 Panel Uplift Resistance Using Tributary Area Method
The roof panel withdrawal capacity can be determined based on the intended fastener and
rafter framing spacing. He and Hong (2012) employed a finite element method to show
that tributary area method is valid in evaluating the roof panel withdrawal capacity with an
underestimation of Resistance (R) by 10%. Sutt (2000) demonstrated that tributary area
method is appropriate for determining roof panel withdrawal capacity from single fastener
capacity. The fasteners with the largest tributary areas on the interior areas of the panel are
13

of the most concern to the designer as these large areas have more negative pressure. Figure
2.2 shows the roof panel fastening schedule for 6d nails (2.9 mm (0.113 in.)) with
152.4/304.8 mm (6/12 in.) for wind uplift and the largest tributary areas on the interior of
the panel. In order to determine the design panel capacity for negative pressure, the fastener
withdrawal resistance should be divided by the largest tributary area. Sutt (2008)
considered the panel effect and the underperformance of the nails in single fastener
withdrawal based on the test data and proposed the design panel capacity as shown below
(2.3)

𝑅𝑅(𝑡𝑡) ∗ 𝐶𝐶𝐶𝐶
𝑃𝑃(𝑡𝑡) = �
� /𝑆𝑆𝑆𝑆
𝑇𝑇𝑇𝑇

in which 𝑃𝑃(𝑡𝑡) is the design panel capacity at t year; CF is 1.7 in this chapter, which is
correction factor of panel effect and delta between actual nail withdrawal and design for
smooth shank nail; TA is tributary area; SF is a factor of safety of 2. The National Design

Specification (NDS) (AFPA 2005) gives an empirical equation for the design nail
withdrawal capacity per unit length for single smooth shank fastener driven into the side
grain of wood that considers specific gravity of the wood and fastener diameter. The
equation is given as:
(2.4)

5

𝑅𝑅(𝑡𝑡) = 𝐾𝐾𝐺𝐺 2 𝐷𝐷(𝑡𝑡)𝐿𝐿

in which 𝑅𝑅(𝑡𝑡) is resistant force at t year; L is the depth of penetration of the nail in the
member holding the nail point; G is the specific gravity of the wood based on oven-dry

weight and volume at 12% moisture content; 𝐷𝐷(𝑡𝑡) is the reduced diameter of the nail at t

year; K is an empirical constant that equals 1,380. The design capacity of nail can be
approximately evaluated by the multiplication of P(t) and 5 (the factor between the design

capacity and the ultimate capacity for nail) (Sutt 2008). Due to lack of data, in this study
the same factor is assumed between the design capacity and the ultimate capacity for roof
panel. If there is more accurate roof panel ultimate capacity model available in the future,
it can be easily incorporated in this study.
14

Figure 2.2 Roof panel fastening schedule
The roof panel resistant forces using tributary area method for each configuration are
calculated as listed in Table 2.3. Also, the calculated results are calibrated in contrast to the
experimental findings from Mizzell (1994) and Lee and Rosowsky (2005). From
comparison, the calculated numbers are approximately consistent with the experimental
results. The slight difference may be caused by the modelling and experiment errors, which
could be the combined aleatory and epistemic uncertainties (Ang and Tang 2007).
Furthermore, Datin et al. (2011) indicated that the determinations of wood uplift capacity
scatter in the history due to the absence of generally accepted methodology and natural
variability in wood strength and type of nails. Hence, the results calculated by tributary
area method are acceptable and valid considering the great variability in the prediction of
uplift capacity. Based on the structural model, the maximum tributary area is 0.1 𝑚𝑚2

(1 𝑓𝑓𝑓𝑓 2 ) for nails with 152.4/152.4 mm (6/6 in.) and 0.2 𝑚𝑚2 (2 𝑓𝑓𝑓𝑓 2 ) for nails with

152.4/304.8 mm (6/12 in.). Due to lack of experimental data, here it is assumed that nail
lengths for all nails are the same.
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Table 2.3 Comparison and calibration of roof panel capacity calculated by tributary area
method and experiments
Type
(inch)

Panel design
Panel Calibration
capacity(𝑝𝑝𝑝𝑝𝑝𝑝) ultimate for panel
capacity
ultimate
capacity
(𝑝𝑝𝑝𝑝𝑝𝑝)
(𝑝𝑝𝑝𝑝𝑝𝑝)
Tributary area method

CDF

COV

Experiment

6d@6/6

15.8

78.9

-

Normal

0.1

8d@6/6

24.3

121.4

107

Normal

0.2

6d@6/12

7.9

39.5

26

Normal

0.1

8d@6/12

12.1

60.7

60

Normal

0.2

Source

(Lee
and
Rosowsky
2005; Mizzell
1994)

2.3.1.1 Mean Embedded Corrosion Depth
Generally, there are two types of corrosion of fasteners in wood construction: embedded
corrosion and atmospheric corrosion. Embedded corrosion is generated by corrosive agents
that are within the surrounding wood, including wood acidity and timber moisture content
(Nguyen et al. 2011). Therefore, only parts inside the wood, such as the shank of nails,
screws are affected. On the other hand, atmospheric corrosion is produced due to corrosive
agents that are within the surrounding air, such as airborne salinity and airborne pollution
agents. Thus, the parts exposed to the air, such as the heads of nails and screws, are affected
(Nguyen et al. 2011). Figure 2.3 illustrates the two different types of corrosions. In this
chapter, only embedded corrosion is considered because only withdrawal failure mode is
considered and the effect of climate change to timber moisture content can be neglected.
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Figure 2.3 Two types of corrosion on fasteners
The effects of embedded corrosion on CCA-treated wood roof panel withdrawal capacities
are investigated. It has been pointed out that the effects of embedded corrosion would have
a significant influence on untreated wood only if the equilibrium moisture content (EMC)
is not less than 15% (Nguyen et al. 2011). Through a careful investigation toward the
equilibrium moisture content (EMC) of wood in the United States hurricane-prone coastal
area (Bergman 2010; Simpson 1999), it was found the EMCs of untreated wood are
generally lower than 15%. Hence, the embedded corrosion for untreated wood is not
considered due to the interest of geography, though it does affect the performance of zinccoated nail in hardwood (e.g., some Oriented Strand Board (OSB) is made with layers of
hardwood). However, hardwood is commonly used in floor or subfloor instead of roof
sheathing (AWC 2013). On the other hand, it is observed that the EMCs over most
hurricane-prone areas are higher than 12%, for example, the EMCs is 13.46% in MiamiDade County. Therefore, the embedded corrosion is expected to largely affect the roof
panel withdrawal capacity by degrading fastener withdrawal capacity in CCA-treated
wood.

Since the 1970s, CCA has been the most commonly used chemical preservative added to
wood structures, such as roof panels, utility poles, and marine docks etc., to protect the
wood from biological deterioration in the United States, and it has been reported that CCA17

treated roof panels comprised over 90 percent of the market before 2001 (Rowell 2012).
Another reason for this material gaining so much popularity is that CCA has very good
permeability than other materials (Shibata et al. 2007). However, the presence of arsenic
in the presentative and the awareness of that this presentative chemical can be released over
time from CCA-treated structures through contact with rainfall, new CCA-treated wood
was no longer manufactured for residential uses in the United States as of January 1, 2004
(Shibata et al. 2007).
Although CCA-treated wood has been phased-out for residential applications, many inservice CCA-treated roof panels currently exist in the United States due to the standard
service life of 50 years. It has been reported that the cost of treated wood with alternative
pesticides is estimated to cost about 10 to 20 percent more than CCA-treated wood (Lebow
et al. 2001; Shibata et al. 2007). In addition, availability of alternatively treated wood is
greatly limited compared to CCA material. Furthermore, the United States Environmental
Protection Agency (EPA) has never been advocating remove the existing deck due to the
difficulty in recycling and disposing such materials (Cooper et al. 1997). Hence, the CCAtreated roof panels would still exist in a foreseeable future and need to be investigated as
for the impact of embedded corrosion to CCA-treated wood roof panel withdrawal
capacity. Practically, assuming most wood residential construction with CCA-treated roof
panels built at the year of 2000, then the service life could be up to the year of 2050.
The time-dependent mean embedded corrosion depth 𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒 (𝑡𝑡), over the period t years is
calculated by a power-law function (Nguyen et al. 2008),

(2.5)

𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒 (𝑡𝑡) = 𝐶𝐶0 𝑡𝑡 𝑛𝑛

in which 𝐶𝐶0 (𝜇𝜇𝜇𝜇) is the embedded corrosion depth for the first year; for metal embedded

in copper chrome arsenate (CCA)-treated wood 𝑛𝑛 = 0.6 for zinc-coating and 𝑛𝑛 = 1.0 for
steel. The embedded corrosion depth for the first year 𝐶𝐶0 (𝜇𝜇𝜇𝜇) can be estimated by the

following equations. For the case of CCA-treated wood,
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(2.6)

𝐶𝐶0 = 𝐴𝐴𝑓𝑓120 (𝐵𝐵𝐵𝐵𝐵𝐵𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 )

where 𝐴𝐴 = 1.3 for zinc-coating and 𝐴𝐴 = 2.1 for steel. 𝐵𝐵𝐵𝐵𝐵𝐵𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is annual mean value of

the timber moisture content in service. 𝑓𝑓120 is the 120-day corrosion depth, and is a function

of the moisture content of the wood. For CCA-treated wood, the 120-day corrosion depth
function 𝑓𝑓120 (𝑀𝑀) and the annual mean moisture contents 𝐵𝐵𝐵𝐵𝐵𝐵𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 of timber in service
are expressed below,

𝑓𝑓120 (𝑀𝑀) = �

0
0.7(𝑀𝑀 − 12)

(2.7)

𝑖𝑖𝑖𝑖 𝑀𝑀 ≤ 12;
𝑖𝑖𝑖𝑖 𝑀𝑀 > 12;

(2.8)

𝐵𝐵𝐵𝐵𝐵𝐵𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑇𝑇𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 + ∆𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + ∆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

in which ∆𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the adjustment factors for the climate. The value is 2.5 when the
distance between object and coast is not greater than 1.0 km and is 0.5 when the distance
is greater than 1.0 km. ∆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 is the rain factor (Nguyen et al. 2008). It describes three

physical states of fasteners: sheltered, vertically surface exposed to rain and horizontal
surface exposed to Rain. Especially for sheltered fastener, it means the fastener is

completely protected and not exposed to rain at all. The mean seasonal moisture content of
a pierce of timber, 𝑇𝑇𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 , is estimated below (Nguyen et al. 2008),
𝑇𝑇𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = exp(1.9 + 0.05𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 )

(2.9)

in which 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is the surface equilibrium moisture content of the timber.
2.3.1.2 Reduced CCA-Treated Wood Roof Panel Withdrawal Capacity by Embedded
Corrosion
Using Eqns. (2.5)-(2.9), the projected corrosion rate can be evaluated. Then, the reduced
diameter of fastener 𝐷𝐷(𝑡𝑡) at t year is,
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(2.10)

𝐷𝐷(𝑡𝑡) = 𝐷𝐷 − 2𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒 (𝑡𝑡)

It needs to be noted that the rain factor in the model is geography-related and only given
for Australia. The proper factor is carefully selected based on the counterpart similarity
(e.g., Orlando is geographically alike to Melbourne, then the Melbourne rain factor is
applicable to the case of Orlando). Based on the counterpart similarity, the rain factor for
Miami-Dade County is classified in Zone C in Australia hazard zone map. The roof panel
withdrawal capacity can be obtained by plugging the single nail capacity into Eq. (2.3).
The roof panel withdrawal capacity with 6d nails with 152.4/304.8 mm is demonstrated in
Fig. 2.4. The overall trend of time-dependent capacity is presented as negligently
decreasing in the first stage, then dropping down significantly afterwards. The first stage
means the zinc-coating still exists on the fastener surface, and afterwards is the point of all
zinc-coating being exhausted. For roof panels under all conditions, before taking sharp
downturns, roof panel withdrawal capacities decrease less than 5%. It can be observed that
the performance of the roof panels could remain excellent and the capacities only reduce
slightly under all circumstances before the zinc coatings are fully corroded.
With well sheltered fasteners, the roof panel withdrawal capacities do not illustrate
protruding trend in reduction throughout the service life. However, for roof panels with
horizontal-surface-exposed condition, the withdrawal capacity is degraded by 50%
approximately in 30 years. Among those and for the condition that the coastal distance is
less than 1 km, it drops down to zero in 50 years. With the same exposure condition, the
roof panel withdrawal capacity only varies slightly with distance to coast. Hence, the
fastener exposure condition is one of the most dominating factors affecting roof panel
withdrawal capacity.
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Figure 2.4 Roof panel capacity for CCA-treated roof panel with 6d nails @6/12 in.
In real world, usually it is very rare for nails to be completely sheltered (underestimating
the risks) or horizontal surface exposed to rain (too conservative) in wood roof panels. The
condition the horizontal surface of fasteners exposed the rain in panels is therefore selected
in order to balance and minimize the errors in the following risk assessments.
Table 2.4 shows the time-dependent roof panel withdrawal capacities with residential
constructions in various locations. It can be observed that nail size, nail schedule and
distance between construction and coast affect roof panel withdrawal capacities in different
degree with time elapsing. A more compact nail schedule (152.4/152.4 mm) gives more
capacities and shows better reliability. For the base case (6d nails with 152.4/304.8 mm),
the roof panel withdrawal capacity in 2020 is 1.6 kPa (33.6 psf) for distance greater than 1
km. By only improving the nail size up to 8d nails for the base case, the capacity increases
by 47%; and by just changing the nail schedule to 152.4/152.4 mm, the capacity could be
doubled. For the case (6d nails with 152.4/304.8 mm), the roof panel withdrawal capacity
reduces rapidly after the zinc-coating is corroded completely. Hence, proper retrofitting
strategies are in demand to improve the structural reliability and elongate the service life
for the CCA-treated roof panels with steel fasteners with zinc coatings.
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Table 2.4 Time-dependent roof panel capacities for steel fasteners with zinc-coating
Year

6d@6/6 in.

6d@6/12 in.

8d@6/6 in.

8d@6/12 in.

<= 1km

> 1km

<= 1km

> 1km

<= 1km

> 1km

(𝑝𝑝𝑝𝑝𝑝𝑝)

(𝑝𝑝𝑝𝑝𝑝𝑝)

(𝑝𝑝𝑝𝑝𝑝𝑝)

(𝑝𝑝𝑝𝑝𝑝𝑝)
39.2

120.6

38.5

(𝑝𝑝𝑝𝑝𝑝𝑝)

118.3

(𝑝𝑝𝑝𝑝𝑝𝑝)

(𝑝𝑝𝑝𝑝𝑝𝑝)

(𝑝𝑝𝑝𝑝𝑝𝑝)

2020

67.2

71.9

33.6

35.9

105.8

112.0

52.9

56.0

2030

57.8

64.1

28.9

32.1

93.3

101.8

46.7

50.9

2040

48.4

56.4

24.2

28.2

80.8

91.5

40.4

45.7

2050

39.0

48.6

19.5

24.3

68.3

81.2

34.2

40.6

2001
2010

78.3
76.6

78.4
77.0

39.2
38.3

120.7
118.8

<=1 km >1km
60.3
59.1

60.4
59.4

2.4 Fragility model of CCA-treated roof panels
In this chapter the building performance limit state is defined as the breach of the building
envelope, and specifically the component limit state is roof panels uplift due to fastener
failure (Li and Ellingwood 2006). The governing limit state for roof performance is
expressed as,
(2.11)

𝑅𝑅(𝑡𝑡) − (𝑊𝑊(𝑡𝑡) − 𝐷𝐷) = 0

in which 𝑅𝑅 (𝑡𝑡) = structural resistance to wind uplift, and D and 𝑊𝑊 (𝑡𝑡) are respectively, the
dead and wind load effects, all terms expressed in dimensionally consistent units.

Note that the dead load counteracts wind uplift to the roof panels, and is beneficial in
reducing the vulnerability of the roof structure, hence the roof dead load is included. The
mean value of the dead load effect is based on the weight of roof: 77 Pa (1.6 psf) for roof
panels, while its coefficient of variation is assumed to be 0.1(Li and Ellingwood 2006).
The dead load can be modeled by a normal distribution (Li and Ellingwood 2006).
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It is assumed that lognormal distribution is the best fit for fragility model and a
Kolmogorov-Smirnov test was conducted to verify the assumption (Li and Ellingwood
2006).

𝐹𝐹𝑅𝑅 (𝑦𝑦) = Φ[(ln(

𝑦𝑦
)/𝜉𝜉 ]
𝑚𝑚𝑅𝑅 𝑅𝑅

(2.12)

where Φ(∙) is standard normal probability integral; 𝑚𝑚𝑅𝑅 is median capacity; 𝜉𝜉𝑅𝑅 is
logarithmic standard deviation, which is the inherent variability in the capacity.

Monte Carlo simulation is used here to generate fragility curves. Figure 2.5 illustrates the
fragility analysis of a new CCA-treated roof panels (without considering embedded
corrosion). The status of the building enclosure integrity is enclosed. The graph shows that
roof pitch has relatively large impact on the hurricane wind load acting on the roof panels
and the overall roof reliability. The scenario of slope 12:12, 8d nails with 152.4/304.8 mm
has the utmost safety margin that the probability of failure only goes to 0.55 at 89.4 m/s
(200 mph).
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(Li and Ellingwood 2006)
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Figure 2.5 Fragility analysis of new CCA-treated roof panel (Exposure B)
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For the purpose of calibration, two scenarios (slope 6:12, 6d nails with 152.4/304.8 mm &
8d nails with 152.4/152.4 mm) are compared with existing literature. According to Li and
Ellingwood (2006), the probability of failure is nearly 0.43 when the wind speed is 44.7
m/s (100 mph) and is 0.66 at 49.1 m/s (110 mph) for 6d nails with 152.4/304.8 mm. For
Fig. 5, the probability of failure is approximately 0.18 at 44.7 m/s (100 mph) and is up to
0.40 at 49.1 m/s (110 mph). The reasons for the difference include: 1) the external pressure
coefficient is 1.81 for Li and Ellingwood (2006) which is based on ASCE 7-95 while the
coefficient is 2.32 for this chapter which is based on ASCE 7-10; 2) different panel ultimate
withdrawal capacities (see details in Table 2.3).
Figure 2.6 illustrates the time-dependent fragility analysis of CCA-treated roof panels
under the case (6d nails with 152.4/304.8 mm) with coastal distance less than 1 km. The
analysis includes time periods from 2000 through 2050 respectively for demonstrating the
time-dependent embedded corrosion. The fragility curves of year 2000 and 2010 almost
overlap while the fragilities show big difference after year 2010. For a given wind speed
of 35.8 m/s (80 mph), the probability of failure is less than 0.1 from 2000 through 2030,
but it increases to approximately 0.45 in 2040 and 0.75 in 2050. Similarly, when wind
speed is 44.7 m/s (100 mph), the chance of failure is around 0.2 before 2010; however, it
increases by 75% in 2020 and almost triples in 2030. It can be observed that after the zinc
coatings being exhausted in 10 years, the embedded corrosion has increasingly impact on
the reliability of roof panels with higher wind speeds.
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Figure 2.6 Fragility analysis of time-dependent CCA-treated roof panel (6d nails @6/12
in.)
Figure 2.7 shows the probability of failure of CCA-treated roof panels for the case (6d nails
with 152.4/152.4 mm) with distance between construction and coast less than 1 km in 2020.
Three climate change scenarios and corrosion status in Miami-Dade in a 50-year return
period are presented and 10th, 30th, 50th, 70th and 90th percentile values account for
uncertainty present in these estimations. For example, these values are 0.667, 0.540, 0.461,
0.374 and 0.270 for climate change scenario CON+RCP8.5 with corrosion. It can be
observed that the roofing system is under significant damage risks under all selected
climate scenarios in 2020.
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Figure 2.7 Probability of failure of CCA-treated roof panel (Zinc, 6𝑑𝑑 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 @6/6 𝑖𝑖𝑖𝑖.,
slope 6:12) for 50-year return period wind speeds under climate change scenario
LMA+RCP8.5 (distance between construction and coast less than 1 km)

Table 2.5 shows the time-dependent lognormal fragility parameters for roof panels with
slope 6:12. The effects of distance between construction and coast, nail size, nail schedule,
and building enclosure integrity to the roof panels are considered. From analysis, it can be
concluded that the distance has relatively limited influence to the roof panel reliability.
This result is in accordance with the roof panel withdrawal capacity analysis earlier. The
same method can be applied to different slopes such as 1:12 and 12:12, and it should yield
similar conclusions.
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Table 2.5 Lognormal fragility parameters for roof panel with slope 6:12
Year

Building
enclosure
integrity
Enclosed

2020
Partially
Enclosed

Enclosed
2030

Partially
Enclosed

Enclosed
2040

Partially
Enclosed

Enclosed
2050

Partially
Enclosed

Nail size and
schedule
6d@6/12 in.
8d@6/12 in.
6d@6/6 in.
8d@6/6 in.
6d@6/12 in.
8d@6/12 in.
6d@6/6 in.
8d@6/6 in.
6d@6/12 in.
8d@6/12 in.
6d@6/6 in.
8d@6/6 in.
6d@6/12 in.
8d@6/12 in.
6d@6/6 in.
8d@6/6 in.
6d@6/12 in.
8d@6/12 in.
6d@6/6 in.
8d@6/6 in.
6d@6/12 in.
8d@6/12 in.
6d@6/6 in.
8d@6/6 in.
6d@6/12 in.
8d@6/12 in.
6d@6/6 in.
8d@6/6 in.
6d@6/12 in.
8d@6/12 in.
6d@6/6 in.
8d@6/6 in.

Distance between construction and coast (𝑘𝑘𝑘𝑘)
<=1
>1
λ
λ
ξ
ξ
4.659 0.1588
4.691
0.1551
4.875 0.1789
4.903
0.1816
4.995 0.1545
5.026
0.1615
5.216 0.1774
5.243
0.1769
4.601 0.1741
4.632
0.1499
4.817 0.1777
4.677
0.1547
4.938 0.1492
4.972
0.1515
5.156 0.1800
5.188
0.1702
4.587 0.1572
4.634
0.1646
4.812 0.1754
4.857
0.1750
4.921 0.1606
4.974
0.1499
5.153 0.1719
5.198
0.1695
4.533 0.1503
4.580
0.1577
4.755 0.1783
4.795
0.1828
4.864 0.1491
4.916
0.1562
5.093 0.1786
5.137
0.1759
4.502 0.1575
4.578
0.1534
4.746 0.1703
4.801
0.1859
4.837 0.1565
4.913
0.1524
5.082 0.1761
5.141
0.1922
4.446 0.1558
4.518
0.1600
4.688 0.1756
4.748
0.1739
4.778 0.1585
4.853
0.1496
5.027 0.1661
5.088
0.1776
4.401 0.1560
4.506
0.1577
4.667 0.1727
4.746
0.1860
4.731 0.1547
4.838
0.1565
5.001 0.1750
5.087
0.1756
4.344 0.1458
4.447
0.1557
4.610 0.1680
4.693
0.1722
4.673 0.1564
4.780
0.1536
4.944 0.1695
5.030
0.1658

2.5 Reliability Analysis of CCA-Treated Wood Roof Panels
The annual probability of failure is determined by convolving the structural fragility curve
and the projected hurricane wind speed curves (Li and Ellingwood 2006),
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∞

(2.13)

𝑃𝑃𝑓𝑓 (𝑡𝑡) = � 𝐹𝐹𝑅𝑅 �𝑣𝑣(𝑡𝑡)�𝑓𝑓𝑉𝑉 �𝑣𝑣(𝑡𝑡)�𝑑𝑑𝑑𝑑
0

in which FR(v(t)) is the structural fragility, defined as the conditional probability of failure
of certain limit states given a certain wind speed and fv(v(t)) is the probability density
function for hurricane wind speed. The wind speed, V(t), is a time-dependent variable at t
year here.
Vickery et al. (2000) performed hurricane simulations and proposed the Weibull
distribution is appropriate model for hurricane wind speed prediction in the United States.
The PDF of the Weibull equation considering non-stationary wind speed due to climate
change is given by Bjarnadottir et al. (2011):

𝑓𝑓𝑣𝑣 (𝑣𝑣, 𝑡𝑡) =

𝛼𝛼(𝑡𝑡) 𝑣𝑣 𝛼𝛼(𝑡𝑡)−1
𝑣𝑣 𝛼𝛼(𝑡𝑡)
(
)
𝑒𝑒𝑒𝑒𝑒𝑒[− �
� ]
𝑢𝑢(𝑡𝑡) 𝑢𝑢(𝑡𝑡)
𝑢𝑢(𝑡𝑡)

(2.14)

where v is the 3-s gust wind speed, 𝛼𝛼(𝑡𝑡) and 𝑢𝑢(𝑡𝑡) are time-dependent parameters of the
Weibull distribution. The wind speed v, is related to the return period (T) of the hurricane
by

(2.15)

1 1
𝑣𝑣 = 𝑢𝑢(𝑡𝑡)[− ln( )]𝛼𝛼(𝑡𝑡)
𝑇𝑇

Miami-Dade County is chosen to illustrate the potential impact of climate change. The
wind speed maps developed from Vickery et al. (2000) indicate that the 50, 100, and 1000year return period 3-sec gust wind speeds are 59, 67 and 81 m/s (132, 150 and 182 mph)
respectively. The corresponding Weibull distribution parameters are 𝑢𝑢 = 27.58, 𝛼𝛼 =1.79.

The above is set as baseline case. Stewart (2015) indicated that a time-dependent linear
change of climate impact is still valid to 2070 and the effect of a non-linear time-dependent
change in wind speed have a minor influence on damage risks. Hence, it is considered here
that a time-dependent linear change in wind speed is legitimate for all climate change
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scenarios for every 10 years. For example, the change in wind speed is linear from 2020
through 2030, and then from 2030 through 2040 and so on for 50-year return period wind
speeds. The percentage change for 50-year return period wind speed is applied to the
scenarios of 100- or 1000-year return period wind speeds. For instance, under emission
scenario LMA+RCP8.5 the 1000-year return period wind speed at 2020 will be 82.4 m/s
(184 mph). If the 50-year return period wind speed increases by 1.67% in a 50-year return
period from 2020 through 2025, then the wind speed at 2025 is 83.8 m/s (188 mph) in a
1000-year return period. The corresponding Weibull parameters are 𝑢𝑢(1) =28.03,

𝛼𝛼(1)=1.79; 𝑢𝑢(5) =28.48, 𝛼𝛼(5)=1.79.

The projected hurricane wind speed above and fragility models developed previously are

convolved to determine the limit state probability shown by Eq. (2.13). The annual
probability of failure for CCA-treated roof panels are determined in Figure 2.8. Three
climate change scenarios are selected to show the potential impact of climate change and
embedded corrosion to CCA-treated roof panels configured with 6d nails with 152.4/304.8
mm. The annual probability of failure increases due to combined effects of climate change
and embedded corrosion. By 2050, the damage risks are all tripled and particularly for
emission scenarios LMA+RCP8.5, CON+RCP8.5 and OMA+RCP8.5 are quadrupled
approximately.
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Figure 2.8 Annual probability of failure under selected climate change scenarios (distance
between construction and coast less than 1 km)
The percentage increase in the annual probabilities of failure of CCA-treated roof panels
(distance between construction and coast less than 1 km) for various climate change
scenarios and corrosion status are demonstrated in Table 2.6. The case of year 2020,
enclosed envelope and 6d nails with 152.4/304.8 mm is set as a target value for comparison.
It can be observed that, within a typical 50 years’ service life, two climate change scenarios,
OMA+RCP8.5 and LMA+RCP8.5 respectively have the biggest impact on the reliability
of roof panels. Building enclosure integrity is considered including two scenarios, enclosed
and partially enclosed of the building envelop respectively. The probability of failure is
relatively greater when the envelope of the building is partially enclosed. Furthermore, it
can be observed that even without considering climate change, the effect of corrosion can
still increase the failure probability significantly. Hence, effective retrofitting strategy
needs to be studied accordingly.
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Table 2.6 The percentage increase in the annual probability of failure of CCAtreated roof panel (6d @6/12 in., slope 6:12, distance between construction and
coast less than 1 km) for different climate change scenarios
Year

Building
enclosure
No
integrity C&C*

Climate change scenarios
Ratio of climate change scenarios and no corrosion
and no climate change scenario (%)
No
climate
change
141
177
185
227
244
296
331
387

Enc.
0.059*
Penc.
128
Enc.
100
2030
Penc.
128
Enc.
100
2040
Penc.
128
Enc.
100
2050
Penc.
128
Enc.: Enclosure
Penc: Partially Enclosure
C&C*: Climate Change and Corrosion
2020

1

2

3

4

5

151
188
209
253
299
354
469
529

141
177
209
253
285
340
423
482

141
177
197
240
271
325
408
467

151
188
220
266
313
369
484
545

104
134
186
227
285
340
439
498

2.6 Retrofitting Strategies
2.6.1 Hurricane Damage Risks and Retrofitting Strategies
Some studies have been done to evaluate the damage risks subject to hurricane as well as
the accordingly retrofitting strategies. van de Lindt et al. (2007) identified that the water
intrusion damage caused by a nearly loss of a roof panel for a Mississippi residential
building is tantamount to the purchase price of the house five years ago. Li (2012)
suggested that the highest priority should be assigned to study and development in
mitigating the risks, protecting a building’s roof and openings and proposed hurricane
retrofitting measures including: 1) using 8d nails as a substitute for 6d nails, 2) replacing
window panels with glass panels, 3) employing H2.5 connector for roof-to-wall
connection.
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It has been demonstrated that the structural adhesives are feasible and effective for
retrofitting wood roof panels (Grayson 2014; Prevatt et al. 2014; Turner et al. 2009). Jones
(1998) discovered that the adhesives can double the uplift capacity of the sheathing over
the rafters by conducting suction tests on 1.2 m by 2.4 m (4 ft by 8 ft) roof sheathing panels
in a pressure chamber loading the panels monotonically until failure. Recently, Prevatt
(2007) proposed another retrofitting method called closed-cell sprayed applied
polyurethane foam (ccSPF). The ccSPF insulation is primarily used in residential
construction as thermal insulation in the roof and exterior walls of a building; however,
ccSPF is also impermeable to water penetration, has relatively high tensile and compressive
strength (around 137.9 kPa (20 psi)), and can develop a firm bond with wood (Prevatt
(2007). Currently, there are at least three adhesive products (i.e., Alpha FOAMSEAL
Hurricane Adhesive, Insulstar Plus and ComfortFoam) and two ccSPF products approved
as structural retrofits for wood roof-sheathing panels in Florida (Datin et al. 2011).
Datin et al. (2011) tested the failure pressures for roof panels by applying three different
configurations of ccSPF retrofitting strategies as shown in Figure 2.9, and found out that
the nail size and spacing have no effect on the uplift capacity once the ccSPF fillet or the
full foam is applied, indicating that configuration A&B can be grouped together as fillet.
Furthermore, the probability distributions for the failure pressures of fillet and full foam
were assessed using the Anderson-Darling (AD) goodness-of-fit (GOF) test; they both
follow lognormal distributions with 𝐿𝐿𝐿𝐿~(5.232,0.175) and 𝐿𝐿𝐿𝐿~(5.392,0.182)
respectively (Datin et al. 2011).
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Figure 2.9 Illustration for three different configurations of ccSPF retrofitting strategies of
wood roof panel
In this chapter, replacement of roof panels is not considered due to the difficulty of
disposing the CCA-treated roof panels. Hence, only roof re-nailing is included, and actually
it has been wide recognized as the easiest and most inexpensive method of reinforcing the
roof sheathing attachment. APA (2000) mentioned that “during re-nailing the roof for high
wind uplift regions, existing 6d nails should be ignored”. Based on this principle, the
calculation of the resistant capacity for re-nailed roof panels will not include the remaining
6d nails. Five retrofitting strategies are selected including:
1. Roof panels that are attached to rafters with 8d nails instead of 6d nails;
2. Nail scheduling with 152.4/152.4 mm instead of 152.4/304.8 mm;
3. Roof panels with 8d nails with 152.4/152.4 mm;
4. Using ccSPF fillet;
5. Using ccSPF full foam layer.
Now consider a wood residential construction with a roof pitch of 6:12 in 2000 in MiamiDade County and would like to see if it is necessary to retrofit in 2020. The original roofing
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plan, which it is referred to “business-as-usual scenario”, was to use zinc-coating fastened
CCA-treated wood roof panels with 6d nails with 152.4/304.8 mm. For the purpose of
comparing the effectiveness of these proposed strategies with the business-as-usual
scenario, and a 50-year service period is selected in order to explore the effectiveness of
the selected retrofitting strategies.
Figure 2.10 shows the fragility curves after applying retrofitting strategies in 2020. As
shown in Figure 10, all strategies are improving the performance of the roof panels with
different extent. Strategy 1, which employs the bigger nail size, has the minimum impact
while Strategy 5, which is to use ccSPF full foam layer, accounts for the greatest influence
on the roof panel performances.
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Figure 2.10 Fragility curves after applying retrofitting strategies in 2020 (distance
between construction and coast greater than 1 km)
Figure 2.11 shows the annual probabilities of failure of the roof panels after applying the
retrofitting strategies. By observing the scenario of business-as-usual, the roof panels have
a great chance of failure, of which it almost reaches 0.08 in 2020 and 0.17 in 2050.
Applying the retrofitting strategies to the roof panels decreases the chance of failure at a
scattering scale. After “do something” in 2020, all strategies manifest the effectiveness.
Particularly it can be clearly observed that strategies 3-5 have better reliability, especially
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the performances of strategies 4&5 exert superior effectiveness. It also needs to be noted
that a lot of researchers have demonstrated that ccSPF, which is used in strategies 4&5, has
great durability and shows very little time-dependent degradation. Due to lacking of
evidence and unavailability of data showing the capacity of ccSPF reduces over time, it is
assumed that the resistant capacity does not vary with time. Further study needs to be done
to quantify the relationship between capacity of ccSPF and time. When such information
becomes available, it can be easily incorporated into the proposed evaluation framework
to update the analysis. A summary of major assumptions in this chapter is listed below,
1. Nails have no variations in terms of lengths and the resistant capacity of ccSPF is timeindependent.
2. Zinc-coating is evenly distributed on the nail surface and does not increase the fastener
strength and the order of corrosion for the zinc-coating is symmetrical and
simultaneous.
3. Wind speeds change linearly every 10 years for all climate change scenarios.
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Figure 2.11 Annual probability of failure for roof panel (6d@6/12in.) after applying
retrofitting strategies in 2020 under climate change scenario LMA+RCP8.5 (distance
between construction and coast greater than 1 km)
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2.7 Conclusions
This chapter proposes a framework to assess the combined effects of climate change and
embedded corrosion for wood roof panels with zinc-coated fasteners exposed to hurricane
events, extending the traditional risk assessment of untreated wood construction to treated
wood (CCA). The framework includes time-dependent roof panel withdrawal capacity by
embedded corrosion, hurricane wind load considering potential impact of climate change,
risk assessment of wood roof panels, and evaluation of various retrofitting strategies.
As shown in the case study, the vulnerability of CCA-treated wood roof panels in
hurricane-prone areas increases significantly when climate change and embedded
corrosion are considered. The roof panel withdrawal capacity is reduced by 50% in 30
years when embedded corrosion is considered. Subsequently, the annual probability of
failure increases by 55% under climate change scenario LMA+RCP8.5 in 50 years.
Various retrofitting strategies are explored and the results show that applying ccSPF is the
most effective method to reinforce the roof panels and reduce the damage probability
during hurricane events. For example, the probability at wind speed of 54 m/s (120 mph)
can be reduced 19% (from 0 to 0.19) if strategy 5 (closed-cell sprayed applied polyurethane
foam) is adopted as opposed to strategy 1 (replacing 6d nails with 8d nails).
The proposed framework provides a more comprehensive way to evaluate hurricane
damage to wood construction under hurricane events. For the future work, multiple
corrosion mechanisms need to be considered including atmospheric corrosion. The
combined effects of embedded, atmospheric corrosions and wood decay for untreated
wood is another area for further investigation.
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3. Hurricanes Risk-Based Assessment of Wood Residential
Construction Subjected to Hurricane Events Considering
Indirect and Environmental Loss 2
3.1 Introduction
Wood residential construction is among structures that are susceptible to natural hazards
(e.g., hurricane, earthquake and flooding). Light-frame wood construction is the most
widely built structure in the United States (U.S.). 90% of residential buildings are lightframe wood construction (NAHB. 1999). Hurricanes are among the costliest natural
hazards to impact residential construction in the coastal area of the US. It is estimated that
the damage caused by Atlantic hurricanes in 2004 to 2005 was more than $150 billion
dollars, mainly due to the devastating effects of hurricane Katrina in 2005 (Pielke Jr et al.
2008). The insured coastal property values in Florida also contributed to the rise in
insurance claims because they increased by 55% from the year 1988 to 1993, with totals
increasing from $566 billion to $872 billion (Stewart et al. 2003). Clark (2008) pointed out
that Hurricane Katrina caused 1,833 death and countless injuries with an accordingly $43.6
billion in insurance losses. This indicated that indirect damage accounted for a significant
proportion over the overall damage and it needed to be included in the loss analysis. Also,
as the populations in hurricane-prone areas continue to increase, it is expected to result in
the prospect of even higher damages and losses in the future (Bjarnadottir et al. 2011).
Potentially the future hurricane damage to wood structures could be more severe than that
of the past observed losses. For one reason, it is predicted that the effects of climate change
will be gradually aggravating from 2010 through 2110 (IPCC 2007). Recent studies have
shown that the effects of climate change will likely change hurricane patterns (e.g.,
intensity and frequency) which could cause more intense hurricane events and

A version of this chapter was previously published in Journal of Sustainable and Resilient Infrastructure
and is re-used herein with permission from Taylor & Francis. The permission is presented in Appendix B.

2

37

subsequently render greater load on structures (IPCC 2013; Wang et al. 2012). For the
other reason, structural resistance could be reduced by atmospheric and embedded
corrosion (e.g., metal fastener) (Dong and Li 2015).
Studies were performed to assess environmental impact of buildings under earthquake
events. The monetary losses due to environmental issues under natural hazards have been
drawing attentions (Alduse et al. 2015). Hurricanes may cause environmental losses
because each time a damaged structure is rehabilitated after a hurricane event, new
materials are consumed and greenhouse gases emissions produced (Arroyo et al. 2015).
Feese et al. (2014) examined the cost and environmental impacts of buildings by using a
cradle-to-grave analysis subjected to seismic events. Arroyo et al. (2015) proposed a
probabilistic framework to evaluate the environmental losses of a five-story framed
building under seismic event. It is worth mentioning that this study is among the first to
quantify the environmental losses for wood construction subjected to hurricane events.
The proposed study is to establish a framework to evaluate the loss of the wood residential
construction subjected to hurricane winds including direct, indirect loss and environmental
impact. Hurricane simulation model is used to predict the future wind speed accounting for
the key parameters of climate change such as intensity and frequency. Four structural
damage modes and the effect of corrosion are considered in the structural fragility analysis.

3.2 Hurricane Simulation
3.2.1 Stationary Hurricane Simulation
It has been recognized that hurricane simulation is the most widely means of hurricane risk
analysis (Vickery et al. 2000). Hurricane simulation models involve using key hurricane
parameters (e.g., hurricane spatial variations) and Monte Carlo simulation for assessing
hurricane hazard level. Hurricane simulation is also used to account for the potential effects
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of climate change in that it allows variables such as frequency and intensity to be
considered in the simulation model.

The number of hurricanes for any given year can be simulated according to a Poisson
distribution (Xu and Brown 2008). The Poisson distribution is modelled as:

𝜆𝜆𝑥𝑥 −𝜆𝜆
𝑓𝑓(𝑥𝑥) = 𝑒𝑒 ; 𝑥𝑥 = 0,1,2, …
𝑥𝑥!

(3.1)

where x is the number of hurricanes per year, λ is the average number of hurricanes in a
given year computed from historical records, and f(x) is the probability of x hurricanes in
a given year.
The landing position of a simulated hurricane is usually expressed in latitude and longitude.
The landing position is assigned based on the distribution of historical hurricanes landing
in a specific area by dividing the coastline into bins as suggested by Xu and Brown (2008)
and Huang et al. (2001). The approach angle shows the direction a hurricane heads to after
making landfall. The approach angle is measured with North as 0 degree. Based on
historical data, the approach angle is modeled with a bi-normal distribution (Kaplan and
DeMaria 1995; Xu and Brown 2008):

𝑓𝑓(𝜃𝜃) =

(1 − 𝑎𝑎1 )
1 𝜃𝜃 − 𝜇𝜇1 2
1 𝜃𝜃 − 𝜇𝜇2 2
𝑒𝑒𝑒𝑒𝑒𝑒 �− �
� �+
𝑒𝑒𝑒𝑒𝑒𝑒 �− �
� �
2
𝜎𝜎1
2
𝜎𝜎2
√2𝜋𝜋𝜎𝜎1
√2𝜋𝜋𝜎𝜎2
𝑎𝑎1

(3.2)

where 𝜇𝜇1 and 𝜇𝜇2 are the means, 𝜎𝜎1 and 𝜎𝜎2 are the standard deviations, and 𝑎𝑎1 is the
weighting factor. The landing position and approach angle determines the path of a

hurricane after landfall. Xu and Brown (2008) demonstrated that it is reasonable to assume
hurricanes travel along a straight path in Florida due to the narrow shape of the state.
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Translation velocity is the forward speed of the hurricane. It can be modeled as a lognormal
distribution as (Brown 2009; Georgiou et al. 1983; Huang et al. 2001; Vickery and
Twisdale 1995):

𝑓𝑓(𝑐𝑐) =

(3.3)

1

1 𝑙𝑙𝑙𝑙𝑙𝑙 − 𝜆𝜆
𝑒𝑒𝑒𝑒𝑒𝑒 �− �
��
2
𝜁𝜁
√2𝜋𝜋𝑐𝑐𝑐𝑐

where c is the translation velocity, 𝜆𝜆 is the logarithmic mean, and 𝜁𝜁 is the logarithmic
standard deviation. The translation velocity is assumed to be constant after landfall (Xu
and Brown 2008).

The central pressure difference is modeled from historical data using the Weibull
distribution (Georgiou et al. 1983; Huang et al. 2001; Vickery and Twisdale 1995; Xu and
Brown 2008) as:

(3.4)

𝛼𝛼 ∆𝑝𝑝 𝛼𝛼−1
∆𝑝𝑝 𝛼𝛼
𝑓𝑓𝑣𝑣 (𝑣𝑣) = � �
exp �− � � �
𝑢𝑢 𝑢𝑢
𝑢𝑢

where ∆𝑝𝑝 is the central pressure difference, and u and α are the parameters of the Weibull
distribution determined from historical data.

The rise in central pressure (which results in weakening of intensity) of the hurricane after
landfall is modeled as (Huang et al. 2001; Vickery and Twisdale 1995; Xu and Brown
2008):
(3.5)

∆𝑝𝑝(𝑡𝑡) = ∆𝑝𝑝𝑜𝑜 𝑒𝑒𝑒𝑒𝑒𝑒(−𝑎𝑎𝑎𝑎)
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where ∆𝑝𝑝(𝑡𝑡) is the central pressure difference at time t, ∆𝑝𝑝𝑜𝑜 is the central pressure
difference at landfall, 𝑎𝑎 is a decay constant. For Florida, a is given by (Vickery and
Twisdale 1995):

(3.6)

𝑎𝑎 = 0.006 + 0.00046 ∙ ∆𝑝𝑝𝑜𝑜 + 𝜀𝜀

where 𝜀𝜀 is an error term that is normally distributed with a mean of zero and standard
deviation of 0.025.

Hurricane wind speed decays after landfall due to friction by land mass and reduction in
storm’s moisture. The most widely used speed decay model is known as KD95 developed
by Kaplan and DeMaria (1995). The model is based on the assumption that hurricane wind
speeds decay at a rate proportional to their landfall intensity and decay exponentially over
land. The wind speed at any given time is given by (DeMaria et al. 2006; Kaplan and
DeMaria 1995):

(3.7)

𝑉𝑉(𝑡𝑡) = 𝑉𝑉𝑏𝑏 + (𝑅𝑅𝑉𝑉0 − 𝑉𝑉𝑏𝑏 )𝑒𝑒 −𝛼𝛼𝛼𝛼

where R is a sea-land wind speed reduction factor with a value of 0.9, Vb = 13.75 m/s and
is a constant “background” intensity, V0 is the maximum sustained 1-min wind speed at
landfall, and α = 0.095 h-1 which is a decay constant.
For any given hurricane, the gradient wind speed (VG (t))at any location at every time
instant is given by (Holland 1980; Vickery et al. 2009):

𝐵𝐵
𝑅𝑅
⎡ 𝑅𝑅
𝐵𝐵 𝐵𝐵(𝑡𝑡)∆𝑝𝑝 exp �− � 𝑚𝑚𝑚𝑚𝑚𝑚 � �
𝑟𝑟 2 𝑓𝑓 2 ⎤
𝑟𝑟
𝑚𝑚𝑚𝑚𝑚𝑚
⎢
⎥
𝑉𝑉𝐺𝐺 (𝑡𝑡) = �
� �
�+
𝜌𝜌
4 ⎥
⎢ 𝑟𝑟
⎣
⎦
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1�
2

−

𝑟𝑟𝑟𝑟
2

(3.8)

where Rmax is the radius to maximum wind speed, r is the distance from hurricane eye to
point of interest, B is the Holland parameter, Δp is the central pressure difference, ρ is air
density, and f is the Coriolis parameter. The radius to maximum wind is given by (MRl
2003):
ln 𝑅𝑅max. = 2.556 − 0.000050255∆𝑝𝑝2 + 0.042243032𝜓𝜓

(3.9)

where ψ is the storm latitude and Δp is the central pressure difference.
The Holland parameter B is given by (Powell et al. 2005):
𝜌𝜌𝜌𝜌�𝑉𝑉(𝑡𝑡)�
𝐵𝐵(𝑡𝑡) =
∆𝑝𝑝

2

(3.10)

in which V0 is the maximum wind speed, e is the base of natural logarithm, Δp is the central
pressure difference, ρ is air density.
The gradient wind speed (VG(t)) needs to be converted to surface wind speed by a surface
wind speed factor (SF) in order to assess the performance. The conversion factor ranges
from 0.8 to 0.86 based on the intensity of storms (Vickery et al. 2000). However, the wind
speed in ASCE7 Eq. (3.10) is 3-sec wind speed at the height of 10 m. Hence, the surface
wind speed needs to be further converted to 3-sec gust wind speed by a gust wind speed
factor (GS). Xu and Brown (2008) conducted a 1000-year simulation to estimate the 3-sec
gust factor using the ESDU model and found that the distribution of the calculated values
of the factor is highly concentrated around 1.287 with a standard deviation of 0.002. This
value has been adopted for use in this research. Given any hurricane wind speed from
above, the velocity pressure on a building is calculated as (ASCE 2010)
𝑞𝑞ℎ (𝑡𝑡) = 0.613𝐾𝐾ℎ 𝐾𝐾𝑧𝑧𝑧𝑧 𝐾𝐾𝑑𝑑 (𝑉𝑉𝐺𝐺2 (𝑡𝑡))2 (𝑁𝑁⁄𝑚𝑚2 )

(3.11)
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where 𝑉𝑉𝐺𝐺2 = 3s wind speed at the height of 10 m in an open-country exposure at t year.

(𝑉𝑉𝐺𝐺2 = 𝑉𝑉𝐺𝐺 ∗ 𝑆𝑆𝑆𝑆 ∗ 𝐺𝐺𝐺𝐺), Kh =exposure factor, Kzt =topographic factor (taken equal to unity
in this chapter), Kd =directional factor.

The wind pressure 𝑊𝑊(𝑡𝑡) acting on structure is determined by (ASCE 2010):
𝑊𝑊(𝑡𝑡) = 𝑞𝑞ℎ (𝑡𝑡)[𝐺𝐺𝐶𝐶𝑝𝑝 − 𝐺𝐺𝐶𝐶𝑝𝑝𝑝𝑝 ]

(3.12)

in which 𝑞𝑞ℎ (𝑡𝑡)= velocity pressure evaluated at mean roof height at t year, G = gust

factor, Cp = external pressure coefficient, Cpi = internal pressure coefficient. This is the
basis for the winds pressures in ASCE Standard 7 (ASCE 2010). Table 3.1 summarizes the
wind load statistics for a typical low-rise residential structure. The dimensions are 8.5m by
12.2 m (28 ft by 40 ft), and the mean roof height is 3.8m (12.5 ft). The external pressure
coefficients (𝐺𝐺𝐶𝐶𝑝𝑝 ) are dependent on various gable roof slopes. The hurricane simulation
and wind pressure calculation are shown in Figure 3.1.
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Randomly sample number of hurricanes (n) in a
given year using Poisson distribution from Eq.
(3.1)

For hurricane i, randomly sample landing
position, approach angle, translation speed,
central pressure difference from Eq. (3.2)-(3.6)

Compute max wind speed at landfall
from Eq. (3.7)
Compute wind speed at point of
interest using wind field model from
Eq. (3.8)-(3.10)
Compute velocity pressure on a
building from Eq. (3.11)-(3.12)

Determine next location of hurricane

Update central pressure and max wind
speed using decay models
i = i+1
Re-compute wind speed at point of
interest using wind field model

Re-compute velocity pressure on a
building

No
i = n?

Yes
End

Figure 3.1 Hurricane simulation model flowchart
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Table 3.1 Wind load statistics
Variable
𝐾𝐾ℎ (Exposure B)
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 1:12,
𝜃𝜃 < 7° )
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 6:12,
7° < 𝜃𝜃 ≤ 27° )
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 12:12,
27° < 𝜃𝜃 ≤ 45° )
𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃 (Enclosed)
𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃 (Partial enclosed)
𝐾𝐾𝑑𝑑
C&C: Component and cladding

Mean
0.57

COV
0.12

CDF
Normal

Source

2.02

0.22

Normal

2.32

0.22

Normal

(Li and
Ellingwood 2006)

1.12
0.15
0.45
0.89

0.22
0.05
0.09
0.14

Normal
Normal
Normal
Normal

The output of the model aforementioned is the annual maximum wind speed for a
simulation of 300,000 years (number of Monte Carlo simulation iterations) at a particular
location (27.3oN, 80.3oW) in Port St Lucie, FL, which is the assumed location of interest
to be discussed later. The maximum annual hurricane wind speed had been modeled by the
extreme value (EV) distributions, namely, Gumbel (Type-1), Frechet (Type-2), and
Weibull (Type-3). All the three types of EV distributions were fitted to the data as
illustrated in Figure 2. From the figure, Weibull and Frechet distributions are more likely
to fit the data than Gumbel distribution. Hence the latter is not considered for the future
analysis. Furthermore, Weibull distribution was identified as the best candidate for
modeling hurricane wind speed in coastal areas (Li and Ellingwood 2006). The scale and
shape parameters of the Weibull distribution determined using maximum likelihood
method are 26.5 and 1.78 respectively. The shape, scale, and location parameters of the
Frechet distribution are 0.22, 8.56, and 16.33 respectively.
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Figure 3.2 Validation of Hurricane Simulation
To validate the hurricane simulation model, wind speeds corresponding to different mean
recurrence intervals (MRI) for the chosen location are calculated and compared to values
in ASCE (2010). From Table 4.2 it can be seen that Weibull distribution is the closest one
to those obtained from ASCE (2010). Note that the ASCE (2010) wind speeds
corresponding to different MRI were extracted from ATC (2015).The Frechet distribution
presents an unrealistically high wind speeds for larger MRIs, and this results are in accord
with the study conducted by Yeo et al. (2013). Hence, Weibull distribution is selected for
modeling the hurricane wind speeds in this chapter.
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Table 3.2 Comparison of wind speeds corresponding to different return periods
MRI
(years)
10

ASCE (2010)
values (m/s)
39

Values predicted by
Values predicted by Fréchet
Weibull distribution (m/s)
distribution (m/s)
42
41

25

48

51

56

50

54

57

69

100

59

62

84

300

66

70

114

700

72

76

142

1700

77

82

177

3.2.2 Non-Stationary Hurricane Simulation Considering a Changing
Climate
In recent decades, it has been indicated that the effects of climate change could alter
patterns of hurricane hazard which can aggravate the degree of damage to coastal buildings
(Banholzer et al. 2014). Many researchers have reported increasing hurricane activities
over the last 30 years (Emanuel 2005; IPCC 2007; Mudd et al. 2014). It was estimated that
the effects of climate change will increase hurricane-induced losses in the U.S. by up to
75% by 2080 (Donat et al. 2011).
The most recent climate change scenarios proposed by Intergovernmental Panel On
Climate Change (IPCC (2013)) are based on greenhouse gas concentration pathways (CPs)
which are determined by their radiative forcing at the end of the 21st century. Four
Representative Concentration Pathways (RCPs) were produced by IPCC (2013) that
correspond to radiative forcing levels of 8.5, 6.0, 4.5, and 2.6 watts/m2 and are termed RCP
8.5, RCP 6.0, RCP 4.5, and RCP 2.6, respectively.
The key parameters of hurricane simulation model considering climate change are
frequency and intensity of hurricanes. Wang et al. (2013) suggested that ± 10 𝑚𝑚/𝑠𝑠 changes

in extreme wind gust speeds in a 500-year return period are likely to happen when subjected
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to ± 20 % intensity change and ± 50 % occurrence frequency change of hurricanes.

Knutson et al. (2010) concluded that the global frequency of tropical cyclones will either
decrease or remain unchanged with the authors predicting a decrease between -6 to -34%.
Bender et al. (2010) modeled the effect of one of the SRES climate change scenarios on
the frequency of Atlantic hurricanes and concluded that the frequency of the most intense
hurricanes (category 3-5) is expected to increase through the year 2100.
The existing study showed the change of the hurricane intensity will range from -20% to
+40% (Staid et al. 2014). Landsea et al. (2010) on the other hand reported the range of
future hurricane frequency to be between -30% to +35%. Based on the information above,
the following climate change scenarios from the year of 2020 to 2050 are assumed in Table
3.3.
Table 3.3 Climate change scenarios
Scenario

1

2

3

4

5

6

7

Change in
intensity

0

10%

0

10%

10%

20%

-20%

Change in
frequency

0

0

10%

-10%

10%

15%

15%

The hazard curves for the chosen location (27.3oN, 80.3oW) in Port St Lucie are plotted in
Figure 3.3 for the baseline scenario (no change) and the six climate change scenarios above.
For frequency variation, the parameter of the Poisson distribution, λ, is altered. For
intensity variation, the randomly sampled central pressure difference at landfall is altered.
The change in frequency and intensity from the present time to the end of the 21st century
is assumed to be linear as suggested by Stewart et al. 2013. It can be noted from the figure
that changes in intensity has higher effect on wind speeds than changes in frequency. For
example, scenario 2 (+10% change in intensity, no change in frequency) results in higher
wind speeds at all return periods than scenario 3 (+10% change in frequency, no change in
intensity). The same conclusion can be drawn by comparing scenario 3 and scenario 4.
Among the seven scenarios, only scenario 7 (+15% change in frequency, -20% change in
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intensity) resulted in decrease in wind speed at all return periods despite 15% increase in
frequency.
90
85
80

Wind speed (m/s)

75
70

Scenario 1 (Baseline)

65

Scenario 2

60

Scenario 3
Scenario 4

55

Scenario 5

50

Scenario 6

45
40

Scenario 7
0

500

1000
MRI (years)

1500

Figure 3.3 Hurricane wind speed at 27.3oN, 80.3oW for various climate scenarios

3.3 Basic Failure Modes and Limit State Function
A typical one-story light-frame wood residential house is considered for this chapter. Gable
roof without roof overhang is selected with a slope of 6:12 for illustration purpose. The
roof coverings are clay tiles with adhesive-set. The roof panel is 1.2 m by 2.4 m with two
nailing patterns: nominal nail diameters are 2.9 mm and 3.3 mm for “6d” and “8d” nails,
respectively. The building codes suggest that the steel fasteners are hot-dip galvanized to
ASTM A153, Class D. The coating thickness regarding to density required to equal 1 oz
of zinc per square foot of surface is 43𝜇𝜇𝜇𝜇. American Galvanizers Association (AGA)
stipulated that the coating thickness for all shapes and sizes of nail ranges from 35.6 to 99.1
𝜇𝜇𝜇𝜇 AGA (2012). Based on above information, the zinc coating thickness is set to be 43 𝜇𝜇𝜇𝜇
in the chapter.
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Panels are nailed at a spacing of 150 mm at the edges of the perimeter and 300 mm in the
panel interior and the sheathing thickness 15.9 mm (Li and Ellingwood 2006). The framing
members, such as trusses or rafters, consist of 50.8 mm by 101.6 mm Spruce-Pine-Fir
(SPF) lumbers and are spaced 0.6 m on center with a specific gravity of 0.36.
It has been identified in the past literature that there are four failure modes for wood
residential construction, which are: (1) breakage of openings; (2) loss of roof covering (e.g.,
tiles and shingles); (3) loss of roof or gable sheathing; (4) roof to wall connection (Pinelli
et al. 2004). For a specific wind speed, the building will either not experience damage, or
experience several of these five failure modes. Some damage modes are independent of
each other (e.g., loss of shingles and breakage of openings); others are not (e.g., given that
the building has experienced window breakage, the probability of its losing sheathing
increases). The four failure modes will be discussed in detail in the later section.

3.3.1 Roof Covering Resistance
There are numerous roof coverings in the market such as asphalt shingles and tiles. Gurley
et al. (2006) indicated that tile covering homes are more likely to experience damage
compared to homes in shingle covering; furthermore, tiles are a major concern for window
vulnerability when wind speeds are high enough to cause significant loss of roof cover.
Here for illustration purpose, tiles are selected to explore the performance under hurricane
events (Dixon et al. 2014). Barrel tiles are a preferred architectural choice for pitched roofs
even though their wind resistance in high-velocity hurricane zones (HVHZ) has become a
concern in the last few years (Shdid et al. 2010). Paruthyvalappil Alduse et al. (2015)
performed fragility analysis for roof covering considering time-dependent roof shingle
capacity based on sensor measurement and employed Bayesian approach to overcome the
uncertainties related to the measurement.
Shdid et al. (2010) conducted experiments to explore various the performance of various
tile settings subjected to wind loading. There are four specimens which are: 1) clay tiles
50

with adhesive-set; 2) concrete tiles with adhesive-set; 3) Clay tiles with mortar set; 4)
concrete tiles with mortar-set. Shdid et al. (2010) show the statistical data for uplift
resistance of single concrete and clay with adhesive-set and mortar-set with an assumption
of Gaussian distribution. In this chapter, roof covering refers to tile instead of shingles and
it needs to be noted roof shingles can be easily incorporated in the framework proposed.
The limit states for roof covering is defined as
(3.13)

R − W(t) = 0

where R = resistance of the roof covering, and W(t) = time-dependent wind load.

3.3.2 Time-dependent roof sheathing capacity
The roof sheathing capacity can be determined based on the intended fastener and rafter
framing spacing. Sutt (2000) demonstrated that tributary area method is appropriate for
determining panel withdraw capacity from single fastener capacity. The fasteners with the
largest tributary areas in the interior areas of the panes are of the most concern to the
designer as these large areas have more negative pressure. In order to computer the design
panel withdrawal capacity for negative pressure, the fastener withdrawal resistance should
be divided by the largest tributary area. Sutt (2008) considered the panel effect and the
underperformance of the nails in single fastener withdrawal based on test data and proposed
the maximum panel withdraw capacity as:

𝑃𝑃(𝑡𝑡) = �

𝑅𝑅(𝑡𝑡)∗𝐶𝐶𝐶𝐶
𝑇𝑇𝑇𝑇

(3.14)

� /𝑆𝑆𝑆𝑆

in which 𝑃𝑃(𝑡𝑡) is the design panel withdrawal capacity at t year; CF is 1.7, which is
correction factor of panel effect and delta between actual nail withdrawal and design for

smooth shank nail; TA is tributary area; SF is a factor of safety of 2. 𝑅𝑅(𝑡𝑡) is resistant force
at t year.
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Embedded corrosion is generated by corrosive agents that are within the surrounding wood,
including wood acidity and timber moisture content (Nguyen et al. 2011). Parts inside the
wood, such as the shank of nails, screws are affected.
The mean embedded corrosion depth, over the period t years is calculated by a power-law
function (Nguyen et al. 2008),
𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒 (𝑡𝑡) = 𝐶𝐶0 𝑡𝑡 𝑛𝑛

(3.15)

where 𝐶𝐶0 (𝜇𝜇𝜇𝜇) is the embedded corrosion depth for the first year; for metal embedded in

untreated wood 𝑛𝑛 = 0.5 for zinc and 𝑛𝑛 = 0.6 for steel; for metal embedded in copper
chrome arsenate (CCA)-treated wood 𝑛𝑛 = 0.6 for zinc and 𝑛𝑛 = 1.0 for steel.

The roof sheathing limit state is defined as the breach of the first roof panel, and specifically

the component limit state is roof panel uplift due to fastener failure (Li and Ellingwood
2006). The governing limit state for roof performance is expressed as,
(3.16)

R(t) − (W(t) − D) = 0

in which 𝑅𝑅 (𝑡𝑡) = time-dependent structural resistance to wind uplift, and D and 𝑊𝑊 (𝑡𝑡) are

respectively, the dead and wind load effects, all terms expressed in dimensionally
consistent units.

The limit state for the roof sheathing is modeled as the failure of the first panel because of
the strong correlation between panel removal and subsequent contents damage noted
previously. Panels at the roof corner are subjected to the highest wind uplift forces
according to ASCE (2010). Once failure of a single fastener occurred, the load is
distributed to the surrounding fasteners causing failure to propagate throughout the panel.
The reliability of roof sheathing is defined as the first panel failure. The roof panel
withdrawal capacity with 6d nails with 152.4/304.8 mm is demonstrated in Figure 4.4.
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Three exposure conditions of nails are given, which are sheltered, vertically surface
exposed, and horizontal surface exposed (Dong and Li 2015). The overall trend of timedependent capacity is presented as negligently decreasing in the first stage, then dropping
down significantly afterwards. The first stage means the zinc-coating still exists on the
fastener surface, and afterwards is the point of all zinc-coating being exhausted. For roof
panels under all conditions, before taking sharp downturns, roof panel withdrawal
capacities decrease less than 5%. It can be observed that the performance of the roof panels
could remain excellent and the capacities only reduce slightly under all circumstances
before the zinc coatings are fully corroded (Dong and Li 2015).
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Roof panel capacity (kPa)
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sheltered
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Figure 3.4 Roof panel capacity for CCA-treated roof panels (6d nails with 152.4/304.8
mm)

3.3.3 Roof-to-Wall Connection Resistance to Wind Uplift
Li and Ellingwood (2006) summarizes the statistics of uplift capacity of two common types
of roof-to-wall connections: a connection in which the rafter is connected to the upper sill
by three “8d” toenails and a connection in which the rafter is connected to the wall using
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an H2.5 hurricane clip, installed as per manufacturer specifications. The first set is from
laboratory tests of 15 specimens conducted at Clemson University. The second set was
obtained from tests of 16 specimens conducted at the University of Missouri (Li and
Ellingwood 2006). Pinelli et al. (2004) mentioned that the walls will become extreme
vulnerable to wind loading when the roof-to-wall connection is compromised.
For roof-to-wall connection, the second connection from the end zone of a gable roof is
most critical because the tributary area of that connection lies on the critical edge of the
end zones of the roof, where the pressures are amplified by the characteristics of the wind
flow over and around the roof. The limit states for roof-to-wall connection is defined as
(3.17)

R − W(t) = 0

where R = resistance of the roof-to-wall connection and W(t) = time-dependent wind load.

3.3.4 Window and door resistance to wind pressure
The American Society of Testing and Materials (ASTM) Standard E-1300 (2003) specifies
the strength of annealed glass as the strength under uniform wind pressure with a 60-sec
load duration with a probability of failure of 0.008. The 60-sec resistance value of annealed
glass can be converted to a 3-sec strength that is consistent with the 3-sec gust wind used
in ASCE Standard 7 by multiplying by a factor of 1.2. A Weibull cumulative distribution
is a common model for defining the probability of failure of brittle materials such as glass,
and it is used to model strength of glass to uniform wind load (Vallabhan et al. 1985).
Vallabhan et al. (1985) found that the coefficient of variation of glass strength is in the
range of 0.22 to 0.27.
Li and Ellingwood (2006) summarized the statistics of glass capacity due to wind pressure.
The limit states for glass and door is defined as
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(3.18)

R − W(t) = 0

where R = resistance of the glass and door to wind pressure, and W(t) = time-dependent
wind load.

3.4 Fragility Analysis
Fragility analysis presents the probability of exceeding a damage limit sate for a given
structural type subjected to natural or man-made hazards (e.g., earthquake, hurricane) (Li
and Ellingwood 2006). Figure 3.5 illustrates the time-dependent fragility analysis of CCAtreated roof panels under the case (6d nails with 152.4/304.8 mm) with coastal distance
less than 1 km. The analysis includes time periods from 2020 through 2050 respectively
for demonstrating the time-dependent embedded corrosion by assuming the wood
construction was built in 2000. For a given wind speed of 35.8 m/s (80 mph), the
probability of failure is less than 0.1 from 2020 through 2030, but it increases to
approximately 0.45 in 2040 and 0.75 in 2050. Similarly, when wind speed is 44.7 m/s (100
mph), the chance of failure is around 0.35 before 2020; however, it increases to 0.54 in
2030 and doubles in 2040. It can be observed that after the zinc coatings being exhausted,
the embedded corrosion has increasingly impact on the reliability of roof panels with higher
wind speeds.

55

1

Probability of failure

0.9
0.8
0.7
0.6
0.5
0.4

2020

0.3

2030

0.2

2040

0.1

2050

0

20

30

40

50

Wind speed (m/s)

60

70

80

Figure 3.5 Fragility analysis of time-dependent CCA-treated roof panels (6d nails with
152.4/304.8 mm).

Fragility of damage modes mentioned above are shown in Figure 3.6. As it can be seen in
the graph, roof covering is the most vulnerable component, while roof-to-wall connection
is the most reliable component compared others. For example, the probability of failure is
0.8 when the wind speed is roughly 40 m/s for roof covering. For roof-to-wall connection,
the probability is 0.8 when the wind speed is approximately 70 m/s.
This chapter is among the first to perform the fragility analysis of roof covering (clay tiles)
and hence there is no exiting fragility curve that can be used to compare with. However,
the input of the fragility curves were verified by both finite element analysis and
experiments by Shdid et al. (2010). The fragility curves for sheathing with 6d nails
with 152.4/304.8 mm, glass (3.175 mm in 3.72 sq. m window) and clip (Exposure B) are
calibrated with previous studies (e.g., Li and Ellingwood (2006)) The probabilities of
failure for glass (3.175 mm in 3.72 sq. m window) and clip (Exposure B) are 0.53 at 54
m/s and 0.5 at 98 m/s respectively (Li and Ellingwood 2006). In comparison, the
probabilities of failure for glass (3.175 mm in 3.72 sq. m window) and clip (Exposure B)
are 0.82 at 54 m/s and 0.63 at 98 m/s here respectively. The reasons for the difference in
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terms of sheathing, windows and doors include the different external pressure coefficient
and component capacity (Dong and Li 2015).
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Figure 3.6 Fragility of four damage modes in wind
Li et al. (2011) defined three building damage states to failures of building components:
minor damage—one roof panel; moderate damage—more than one window panel or
multiple roof panels; and severe damage—roof-to-wall connections. In this chapter, roof
covering damage is added into the damage states, and hence the authors defined four
damage states here as shown in Table 3.4.
Table 3.4 Damage state definition
Damage state

Definition

Slight

First roof covering damage

Minor

First roof sheathing damage

Moderate

More than one window/door breakage

Severe

roof-to-wall connection damage
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Figure 3.7 demonstrates the fragility of damage states in wind. For slight damage state, the
probability of failure is 0.5 when the wind speed is around 30 m/s. For severe damage state,
the probability of failure is 0.5 when the wind speed is around 70 m/s.
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Figure 3.7 Fragility of damage states in wind

3.5 Risk-Based Loss Estimation
3.5.1 Hurricane Risk Analysis
Risk can be defined here as the annual probability of failure of the structural system and is
(Li and Ellingwood 2006):
∞

(3.19)

𝑃𝑃𝑓𝑓 = � 𝐹𝐹𝑅𝑅 (𝑣𝑣, 𝑡𝑡)𝑓𝑓𝑣𝑣 (𝑣𝑣, 𝑡𝑡)𝑑𝑑𝑑𝑑
0

where 𝐹𝐹𝑅𝑅 (𝑣𝑣, 𝑡𝑡) is the time-dependent cumulative distribution function (CDF) of the

structural fragility, and 𝑓𝑓𝑣𝑣 (𝑣𝑣, 𝑡𝑡) is the time-dependent probability density function (PDF) of

the annual maximum hurricane wind speed. 𝑓𝑓𝑣𝑣 (𝑣𝑣, 𝑡𝑡) is modeled using the Weibull
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distribution as discussed earlier while 𝐹𝐹𝑅𝑅 (𝑣𝑣, 𝑡𝑡) can be modeled using Lognormal
distribution (Bjarnadottir et al. 2013).

Figure 3.8 demonstrates the annual probability of failure for four damage modes under
climate change scenario 5 (+10% change in intensity, +10% change in frequency). It can
be seen that the probabilities of failure for all damage modes are increased to a certain
extent. Notably the greatest increase is for roof sheathing from 0.06 at 2020 to 0.35 at 2050.
The reason is that the vulnerability of the roof sheathing is affected by both the effects of
climate change and material corrosion. In this chapter, the effects of corrosion for other
damage modes are not considered. It needs to be addressed in the future research.
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Figure 3.8 Annual probability of failure for four damage modes under climate change
scenario 5 (+10% change in intensity, +10% change in frequency)
Figure 3.9 illustrates the annual probability of failure for a specific damage mode (window)
under all climate change scenarios. It can be seen that the probability of failure decreased
at the scenario 7 (-20% change in intensity, +15% change in frequency). Scenario 6 (+20%
change in intensity, +15% change in frequency) has the greatest increase. From the
comparison, it can be seen that the change in intensity has the major effect on the
vulnerability of the structures.
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Figure 3.9 Annual probability of failure for window under climate change scenarios
Economic losses of low-rise structures under hurricane events has been evaluated using
life-cycle assessment (Arroyo et al. 2015; Li et al. 2011). Life-cycle analysis allows
buildings and infrastructures to be assessed, designed or retrofitted in an optimal manner
considering its entire lifespan. Most decision-makers could benefit from the knowledge of
cumulative monetary losses over a certain period or a lifetime. The life cycle loss can be
obtained by evaluating annual losses. Life cycle loss of buildings under hurricane events
have been modeled as Poisson process (Katz 2002; Li and Ellingwood 2009; Wen and
Kang 2001).

3.5.2 Direct Loss Analysis
Direct loss analysis had been recognized a mature method to evaluate structural losses
under extreme event. For example, the direct loss from the hurricane wind and the resulting
rainwater intrusion is computed using the method of (Dao and van de Lindt 2011; van de
Lindt and Dao 2011). Loss is computed as financial loss and then adjusted to be a percent
of the building replacement value. In this chapter, the direct loss refers to structural and
non-structural losses. Here for illustrative purpose, consider the value of the house is
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$200,000 in 2020. The value of potential losses from hurricanes, over a period of T, can be
determined as (Li et al. 2011)
𝑇𝑇

4

𝐿𝐿(𝑇𝑇) = � �
𝑡𝑡=1 𝑖𝑖=1

(3.20)

𝜆𝜆𝑖𝑖 𝑒𝑒 −𝜆𝜆𝑖𝑖 𝑡𝑡 𝐷𝐷𝑖𝑖
(1 + 𝑑𝑑)𝑡𝑡−1

in which 𝑖𝑖 is damage state (slight, minor, moderate, and severe); T is remaining service life

(e.g., 50 years) of the building; 𝐷𝐷𝑖𝑖 is losses attributable to hurricane in terms of percentage

of total value as the consequence of 𝑖𝑖th limit state; d is annual discount rate that is assumed
to be constant; 𝜆𝜆𝑖𝑖 is mean annual damage ratio attributable to hurricanes, which can be
determined by Eq. (3.19), but double calculation needs to be avoided in the process. For

example, probability of slight damage includes probability of minor damage, and then the
slight damage level should subtract the moderate damage. The damage ratios of 2, 5, 20
and 50% are used for slight, minor, moderate, severe damage states for hurricane (Li et al.
2011). The annual probabilities of damage for difference damage states from year 2020 to

2050 are shown in Figure 3.10. For slight damage state, the probability of failure increases
from 11.2% to 13.0%; while for severe damage state, the probability increases from 1.1%
to 1.8% under climate change scenario 5 (+10% change in intensity, +10% change in
frequency).
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Figure 3.10 Annual probability of failure for various damage states subjected to climate
change scenario 5 (+10% change in intensity, +10% change in frequency)
Figure 3.11 demonstrates the life-time direct loss under various damage states subjected to
climate change scenario 5 (+10% change in intensity, +10% change in frequency. The
cumulative damage for slight damage state is around $1,300, and for severe damage state
is around $15,000. The costs of slight and minor damage states are much less that moderate
and severe damage state, and the ratio of them is around 20%. The total direct loss is
$33,872.
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Figure 3.11 Life-time direct loss under various damage states subjected to climate change
scenario 5 (+10% change in intensity, +10% change in frequency)

3.5.3 Indirect Loss Analysis
Many empirical studies have been conducted to estimate the economic impacts of hurricane
in general (Elliott et al. 2015; Fischer et al. 2015; Li et al. 2011). However, only few of
them have focused to measure the indirect loss due to hurricane. Modeling approaches for
this purpose are mainly based on mathematical methodology and economic theories
broadly divided into three categories: I-O models, regression analysis based on past
hurricane damage data, and computable general equilibrium (CGE) models.
The I-O model is the most widely used tool for regional economic impact analysis, and its
use for natural loss estimations dates from the 1970s (Rose 2004). The disadvantages of an
I-O model include its linearity, lack of explicit resource constraints, limitation in spatial
representation and lack of input and import substitution possibilities (Rose 2004).
Hallegatte (2008) displayed the indirect losses as function of direct losses for Hurricane
Katrina. Based on the results, Stewart et al. (2013) proposed an indirect cost ratio (ICR),
defined as the ratio of direct-to-indirect costs, and built a mathematical relation between
ICR and hazard vulnerability by conducting regression analysis based on the data from
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Hurricane Katrina, Rita and cyclone Tracy. CGE models have gained popularity to estimate
losses of hazards because of the inherent limitations of I-O models. Applying the CGE
model, Rose and Liao (2005) studied the economic impact of the Portland, Oregon region
for disruptions in water systems due to an earthquake. However, without further
refinement, CGE models, as well as many other economic models are based on historical
data.
In this chapter, the indirect cost is defined as the injuries and death since the scope of the
study only includes residential construction. The estimated cost of injury and fatality in
earthquake risk analysis was mentioned in Ellingwood and Wen (2005). However, very
few studies has been done with regarding to cost estimation of injury and fatality subjected
to hurricane events (Dixon et al. 2014). Ellingwood and Wen (2005) proposed four
performance levels, which are immediate occupancy (IO), life safety (LS), collapse
prevention (CP), and incipient collapse (IC) respectively and illustrated the related injury
and fatality index as shown in Table 3.5. The four damage states in this chapter (slight,
minor, moderate, severe) shares the similar concept and definition of the four performance
levels proposed by Ellingwood and Wen (2005).
Table 3.5 Damage state/ injury/ fatality relationship.
Damage

Slight

Minor

Moderate

Severe

Injury rate

0

0.05

0.1

0.2

Death rate

0

0.005

0.01

0.02

Damage

0.05

0.2

0.4

0.9

Source

State
(Ellingwood and Wen 2005)

ratio
The injury and fatality costs are estimated $7500/person and value of life is assumed to be
$2 million/ person (Ellingwood and Wen 2005). An occupancy rate of 2 persons/93
𝑚𝑚2 (1000𝑓𝑓𝑓𝑓 2 ) is used. To estimate the life-cycle cost, a discount rate 𝜆𝜆 = 5% per year and
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a future period of 30 years are assumed (from year 2020 to 2050). The expected life-time
indirect loss can be expressed as
1

𝐸𝐸[𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (𝑡𝑡)] = ∑𝑇𝑇𝑡𝑡=1(𝑑𝑑𝑑𝑑 (1 − 𝑒𝑒 −𝑑𝑑𝑑𝑑 ) ∑4𝑖𝑖=1 −𝐶𝐶𝑖𝑖 [ln(1 − 𝑃𝑃𝑖𝑖 ) − ln(1 − 𝑃𝑃𝑖𝑖+1 )])

(3.21)

where 𝑃𝑃𝑖𝑖 is t-year probability of 𝑖𝑖th damage state being exceeded. 𝐶𝐶𝑖𝑖 is the injury/fatality
cost.

Table 3.6 lists the life-time indirect loss considering various climate change scenarios. It
can be seen that the indirect loss varies based on different scenarios. The least loss is for
scenario 7 (-20% change in intensity, +15% change in frequency), $14,668 in total; while
the greatest loss is for scenario 6, $19,089 totally. Compare with the direct loss under
scenario 5 (+10% change in intensity, +10% change in frequency), which is $33,872, the
indirect loss account for 36% of the direct and indirect losses combined.
Table 3.6 Life-time indirect loss considering various climate change scenarios
Damage
State

Scenario Scenario Scenario Scenario Scenario Scenario Scenario
1

2

3

4

5

6

7

Slight

$459

$478

$466

$472

$501

$607

$399

Minor

$1274

$1,485

$1,318

$1,395

$1,642

$2,102

$866

Moderate

$3,759

$4,345

$3,842

$4,092

$4,906

$6,142

$3,426

Severe

$9,549

$12,217

$10,537

$11,478

$13,022

$16,788

$8,668

Total

$15,041

$18,525

$16,163

$17,437

$20,071

$25,639

$13,359

3.5.4 Environmental Impact
The construction of buildings has a considerable impact on the environment, and the
construction industry is one of the greatest consumers of resources and raw materials
(Dimoudi and Tompa 2008). According to data from the Worldwatch Institute, the
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construction of buildings consumes 40% of the stone, sand and gravel, 25% if the timber
and 16% of the water used annually in the world (Arena and De Rosa 2003). In Europe,
the building sector accounts for approximately 50% of the total energy consumption
(Bribián et al. 2009). In the U.S., 54% of energy consumption is directly or indirectly
related to buildings and their construction.
Hurricanes may cause environmental losses because each time a damaged facility is
rehabilitated after a hurricane event, new materials are consumed and greenhouse gases
emitted (Arroyo et al. 2015). Thus, considering environmental losses is needed in the
framework of hurricane risk analysis. The damage cost of structures involves the
consideration of their initial cost and the potential future losses caused by hurricanes.
In order to quantify greenhouse emissions for a given process, those corresponding to the
different gases are transformed into an equivalent carbon dioxide emission (i.e.𝐶𝐶𝐶𝐶2 − 𝑒𝑒).
Normally, the estimation of 𝐶𝐶𝐶𝐶2 − 𝑒𝑒 emissions related to a certain process is made through

life cycle analysis (LCA) (EPA/600 2006). The 𝐶𝐶𝐶𝐶2 − 𝑒𝑒 emissions for concrete ranges

from 11 to 179 𝐾𝐾𝐾𝐾 𝐶𝐶𝐶𝐶2 − 𝑒𝑒/𝑡𝑡𝑡𝑡𝑡𝑡, glass from 257 to 2,100 𝐾𝐾𝐾𝐾 𝐶𝐶𝐶𝐶2 − 𝑒𝑒/𝑡𝑡𝑡𝑡𝑡𝑡, steel from 35

to 3,809 𝐾𝐾𝐾𝐾 𝐶𝐶𝐶𝐶2 − 𝑒𝑒/𝑡𝑡𝑡𝑡𝑡𝑡, wood from 14 to 400 𝐾𝐾𝐾𝐾 𝐶𝐶𝐶𝐶2 − 𝑒𝑒/𝑡𝑡𝑡𝑡𝑡𝑡 (Arroyo et al. 2015).

Carbon-tax approach will be used to place a value on the societal cost of greenhouse gas

emissions. It needs to be noted that the values of carbon tax usually span 3 orders of

magnitude and the large scatter is in part a consequence of various approach used in the
estimation of the value of the carbon tax (Watkiss and Downing 2008). The present value
of the environmental losses for a hurricane event occurring at time t can be computed as:
𝑇𝑇

4

4

𝐿𝐿𝑒𝑒 (𝑇𝑇) = � � �
𝑡𝑡=1 𝑖𝑖=1 𝑗𝑗=1

(3.22)

𝜆𝜆𝑖𝑖 𝑒𝑒 −𝑑𝑑𝑒𝑒𝑡𝑡 𝐻𝐻𝐼𝐼 𝜂𝜂𝑗𝑗
(1 + 𝑑𝑑𝑒𝑒 )𝑡𝑡−1

in which 𝐻𝐻𝐼𝐼 is the total insured value of a building; 𝜂𝜂𝑗𝑗 is the ratio of the environmental cost
and the total insured value of the buildings under 𝑗𝑗th emission scenarios; j=1…4, where 1
is the slightest scenario and 4 is severest scenario; 𝐻𝐻𝑗𝑗 𝜂𝜂𝑗𝑗 is the cost of greenhouse gas
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emissions produced under 𝑗𝑗th emission scenarios during their construction; 𝑑𝑑𝑒𝑒 is
environmental associated discount rate.

Three emission scenarios and five carbon tax values are proposed in Table 3.7 accounting
for the sensitivity of those variables. For simplicity, each emission scenario will take the
average values. For slight scenario, 𝜂𝜂1 =0.00188; for minor scenario, 𝜂𝜂2 = 0.00362; for

moderate scenario, 𝜂𝜂3 = 0.01806; for severe scenario, 𝜂𝜂4 =0.037. For parameter 𝑑𝑑𝑒𝑒 , it has

been recognized that 𝑑𝑑𝑒𝑒 should be negative because the damage related to 𝐶𝐶𝐶𝐶2 − 𝑒𝑒

emissions is a function of the cumulated stock (Arroyo et al. 2015). A value of 𝑑𝑑𝑒𝑒 equal to
-0.008 was selected in the context of a linear regression analysis by fitting an exponential
curve by Arroyo et al. (2015).

Table 3.7 𝜂𝜂𝑗𝑗 values related to the cost of 𝐶𝐶𝐶𝐶2 − 𝑒𝑒 emissions for wood buildings

Emission
scenarios

Carbon tax values

𝐶𝐶𝐶𝐶2 − 𝑒𝑒

US$10

US$20

US$50

US$70

US$220

5

0.0003

0.0005

0.0013

0.0018

0.0055

2

10

0.0001

0.001

0.0025

0.0035

0.011

3

50

0.0003

0.005

0.0125

0.0175

0.055

4

100

0.005

0.01

0.025

0.035

0.11

(ton)

1

Figure 3.12 demonstrates the percentage of direct/indirect/environmental losses under
scenario 1 (baseline), 5 (+10% change in intensity, +10% change in frequency), 6 (+20%
change in intensity, +15% change in frequency) and 7 (-20% change in intensity, +15%
change in frequency from year 2020 to 2050. The life-cycle losses including direct, indirect
and environment are $56,778, $63,113, $73,636 and $54,398, respectively. It can be seen
from the charts that direct loss shares the largest percentage and the least is environmental
loss. Indirect losses are increasing significantly when the climate scenarios aggravate. It
needs to be noted that in this chapter, environmental loss is assumed to be insensitive to
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changing climate, hence the monetary loss is $12,100 for all climate scenarios. For the
future study, the effects of climate change will be considered.
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Figure 3.12 Direct/indirect/environmental losses comparison under scenario 1 (baseline),
5 (+10% change in intensity, +10% change in frequency), 6 (+20% change in intensity,
+15% change in frequency) and 7 (-20% change in intensity, +15% change in frequency)
Figure 3.13-3.14 demonstrate the percentage increase in monetary loss of residential
buildings subjected to hurricane events for the six different climate change scenarios
compared to baseline case (No climate change, no corrosion) for year 2020 and 2050. It
can be seen that when considering changing climate, the losses are time-dependent and
dependent on the climate change scenarios. The rate of change for indirect losses are very
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time-sensitive and vary widely by different climate scenarios. For instance, the percentage
increase for climate scenario 6 (+20% change in intensity, +15% change in frequency) is
33% in 2020; while the value for climate scenario 6 is 136% in 2050. Scenario 7 (-20%
change in intensity, +15% change in frequency) is the only scenario that both the direct

Percentage increase

and indirect share the negative increase.
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Figure 3.13 The percentage increase in monetary loss of residential buildings compared
to scenario 1 (baseline) subjected to hurricane events for different climate change
scenarios for year 2020
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Figure 3.14 The percentage increase in monetary loss of residential buildings compared
to scenario 1 (baseline) subjected to hurricane events for different climate change
scenarios for year 2050
69

The results show that indirect and environmental losses play a very important role in the
total loss estimation. This finding show that with the potential effects of climate change,
the indirect and environmental losses to wood frame construction caused by hurricanes are
severe and should not be ignored by decision makers. Further research is needed to evaluate
environmental losses subjected to hurricanes considering a changing climate.

3.6 Conclusions
This chapter proposed a framework to evaluate direct, indirect, and environmental losses
of wood residential construction subjected to hurricane events considering a changing
climate. The framework contains four damage modes (i.e., roof covering, roof sheathing,
roof-to-wall connection, and buildings openings), hurricane simulations including
stationary and non-stationary scenarios, and loss estimation including the environmental
losses of wood residential construction subjected to hurricane events.
Most climate change scenarios (e.g., climate change scenario 6 (+20% change in intensity,
+15% change in frequency) and climate change scenario 7 (-20% change in intensity,
+15% change in frequency)) may result in -5% to +5% increase in annual loss. Indirect
loss and environmental loss can be accounted for 40% to 55% of the total loss, which
should not be ignored by decision makers.
The proposed framework provides a more comprehensive way to evaluate hurricane
damage risk to wood construction under hurricane events considering a changing climate.
This framework can also be used to evaluate the damage risk associated with hurricane
mitigation strategies. For future work, a more comprehensive model for environmental loss
estimation needs to be studied; multiple hazards (e.g., combined hurricane wind and
hurricane-induced surge) is another area for further investigation (e.g., flooding and
earthquake).
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4. A Framework for Hurricane Resilience of Residential
Community 3
4.1 Introduction
Community resilience refers to the ability of communities to withstand the impacts of
natural or man-made hazards and to recover from such disasters in effective and efficient
manners (Pimm 1984). The framework of resilience often is thought of as including four
attributes: robustness - the ability to withstand an extreme event and deliver a certain level of
service even after the occurrence of that event; rapidity - to recover the desired functionality
as fast as possible; redundancy - the extent to which elements and components of a system can
be substituted for one another; and resourcefulness - the capacity to identify problems,
establish priorities, and mobilize personnel and financial resources after an extreme event. In
this chapter, the individual building resilience is quantified by a mathematical formation
including all four attributes mentioned above. In the formulation of the individual resilience,
fragility function accounts for the robust attribute, while recovery function accounts for
rapidity. For redundancy, it is assumed that the recovery can be restored at a maximum level
of 90% of its states before hurricane events. For resourcefulness, it is assumed that after the
hurricane event, the retrofit and rescue efforts can be carried out immediately and continuously.
The uncertainty here involves the definition of maximum level of recovery and when the
retrofit and rescue efforts can take place. For example, high maximum level of recovery usually
takes more time and money. With different levels of recovery, the recovery time model could
be significant different. Also the start of retrofit and rescue effects in poor areas seems to be
later than that of the rich areas.

Several methods have been proposed for quantification of hazard resilience (Chang and
Shinozuka 2004; Cutter et al. 2010; Miles and Chang 2006; Omer et al. 2009; Tokgoz and
Gheorghe 2013; Twigg 2009). Bruneau et al. (2003) and Bruneau and Reinhorn (2007)

A version of this chapter has been submitted to ASCE-ASME Journal of Risk and Uncertainty in
Engineering Systems, Part A: Civil Engineering.
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established framework to conceptualize, define, and enhance seismic resilience of
communities using engineering perspectives. They emphasized that a clear definition and
identification of its dimensions are necessary in order to quantify resilience. Cimellaro et
al. (2010) developed a framework for a resilience equation based on the conditional and
total probability theorems. Bruneau and Reinhorn (2007) quantified seismic resilience of
acute care facilities. Though the framework was for seismic resilience, their goal was to
develop general concepts and formulations for other hazards. Reed et al. (2009) proposed
a methodology to evaluate resilience of subsystems of network infrastructures by
combining fragilities and quality characteristics of the infrastructure with an input-output
model for a natural disaster. Tokgoz and Gheorghe (2013) attempted to quantify resilience
for residential buildings for a hurricane event.
There is existing literature that attempted to link the individual facility resilience to
community resilience. Mieler et al. (2014) employed concepts and procedures from the
framework used to design and regulate commercial nuclear power plants to outline a
conceptual framework for linking community resilience goals to design targets for
individual facilities. Mieler et al. (2014) assumed that the performance of each facility is
mutually statistical independent of all others. This assumption leads to individual buildings
performance requirement that is conservative with respect those needed to collectively
ensure the broader community resilience goal and public welfare, as shown in Wang and
Ellingwood (2015). They demonstrated that the feasibility of disaggregating broader
community resilience goals to obtain performance objective of individual facilities
considering the correlations for the performance of each individual facility. For example,
it showed that if the probability of failure for an individual building is 0.012, then
probability of failure for the community could be 0.05, while the probability of failure of
the community could be 0.012 if buildings are assumed statistically independent.
With the knowledge of quantification of community resilience, pre-retrofitting strategies
and accordingly the monetary cost can be evaluated. Kanda and Ellingwood (1991)
proposed the concept of pre-disaster inventory retrofit cost (IRC) and developed a linear
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function between the building target performance and the individual building retrofit cost.
Wang and Ellingwood (2015) defined expected inventory recovery time (IRT) and
modeled the relationship between the restoration time for an individual building and the
damage level of the building following hazard events. Mahsuli and Haukaas (2013)
modeled the inventory as a series of development areas or “zones” that are related to the
structural characteristics of the dominant buildings found in each zone. Wang and
Ellingwood (2015) developed direct financial loss model to the housing inventory by
introducing a financial index to characterize the overall financial risk to the housing stock
based on the “zone” theory from Mahsuli and Haukaas (2013). Li and Ellingwood (2006),
Dong and Li (2015) also investigated the retrofitting strategies of residential construction
for hurricane events.
Though the method for quantifying individual building resilience had been proposed
(Tokgoz and Gheorghe 2013), the loss function in the formulation of the individual
resilience is limited to direct loss which lowers the accuracy and overestimate the
individual building resilience. Wang and Ellingwood (2015) proposed the de-aggregating
process to break down community resilience goal to individual facility resilience goal;
however, the chapter did not address the quantification of individual facility resilience.
This chapter proposed a framework to evaluate if a residential community could achieve
its resilience goal by de-aggregating the community resilience goal to individual building
resilience goal and quantifying the individual building resilience. The de-aggregating of
community resilience for hurricanes will be investigated. The presented results also can be
used for decision makers to achieve the goals of community resilience through initial
design and hurricane mitigation. For illustration purposes, the study location for the
framework is set in Florida. The flowchart regarding the procedures of the proposed
framework is shown in Figure 4.1.
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Community resilience
e.g., less than 1% probability of significant
outmigration after a hurricane with 500-year return
period
Allowable damage (performance goal) for vital
community components
e.g., Housing <5%, Public service < 9%

Performance for housing inventory of the
community
e.g., 95% probability that less than 5% community
housing will be unsafe to occupy after hurricanes
event
Performance Objectives for individual houses
e.g., an individual house has less than 2% probability
of being unsafe to occupy after the hurricane event

Individual houses resilience check
e.g., check an existing house or design a new house
based on individual resiliency requirement
Determine individual building
resilience > objective resilience?
Yes
End
Figure 4.1 Flowchart of the framework
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Retrofitting
strategies or
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4.2 Community Resilience and De-aggregation
It is worth mentioning that 90% of residential buildings in the United States (U.S.) are
light-frame wood construction (Li and Ellingwood 2007). In this chapter, community
resilience refers to the resilience of wood residential buildings in the community. Usually
there are three levels of performance in assessing resilience, including performance of a
community, of a group of buildings, and of individual buildings. In this chapter, the
performance of a residential community is directly linked with the performance of building
stocks, which is determined by the performance of the individual buildings in the
The performance goals for community resilience are closely linked with its functional
requirements such as physical, social, and economic needs. For example, after a significant
hurricane event, a community may require that less than 5% of buildings become unsafe to
occupy, less than 15% of residences cannot provide shelter, less than 25% of commercial
buildings unable to open for business, and less than 35% of industrial buildings cannot
sustain manufacturing, etc.
Though the performance goals are easy to set and obtain, it is not practical to evaluate
community resilience without de-aggregating the community goals into individual
performance objectives (Wang and Ellingwood 2015). To illustrate the de-aggregation
process, an allowable damage level mentioned above needs to be determined. For example,
one of the community objectives can be “less than 10% of buildings within the community
are unsafe for occupancy following a category 4 hurricane”.
At the individual building level, usually there are four damage levels 𝑥𝑥𝑗𝑗 for buildings (i.e.,
slight, minor, moderate, and severe) (FEMA/NIBS. 2003). Following the occurrence of a

scenario hazard event, the building inventory damage state can be defined as a state vector
𝑋𝑋 = (𝑋𝑋1 , 𝑋𝑋2 … 𝑋𝑋𝑛𝑛 ) where n is total number of buildings. 𝑆𝑆(𝑋𝑋) is defined as the joint
probability distribution of the inventory damage states. The building damage levels within

an inventory are correlated (Wang and Ellingwood 2015). Demands on buildings within a
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community from hurricane events would be positively correlated, and the neglect of these
positive correlations leads to an overestimation of system reliability and underestimation
of losses (Adachi and Ellingwood 2008; Wang and Takada 2005). The correlation in
performance between buildings resulting from the common hazard (e.g., hurricane) and
common design and engineering practices was described by an exponential function (Wang
and Takada 2005),
(4.1)

−|ℎ|
𝜌𝜌ℎ = exp �
�
𝐿𝐿𝑐𝑐

in which |ℎ| is the separation distance between buildings; 𝐿𝐿𝑐𝑐 is the correlation length which

represents the strength of the spatial correlation. A function state variable 𝑌𝑌𝑖𝑖 is further
defined for building 𝑖𝑖 representing the building functional status,
0,
𝑌𝑌𝑖𝑖 = �
1,

𝑋𝑋𝑖𝑖 = 1,2 (𝑆𝑆𝑆𝑆)
𝑋𝑋𝑖𝑖 = 3,4 (𝑈𝑈𝑈𝑈)

(4.2)

UO represents unsafe to occupy, while SO is safe to occupy. The marginal probability mass
function of the function state 𝑌𝑌𝑖𝑖 can be defined as (Wang and Takada 2005),
𝑃𝑃𝑆𝑆𝑆𝑆 + 𝑃𝑃𝑆𝑆𝑆𝑆 2𝑖𝑖
𝑃𝑃𝑌𝑌𝑖𝑖 = � 1𝑖𝑖
𝑃𝑃𝑢𝑢𝑢𝑢 3𝑖𝑖 + 𝑃𝑃𝑆𝑆𝑆𝑆 4𝑖𝑖

(4.3)

The system resilience, 𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠 defined as the probability that less than N buildings in the

community become UO after a hurricane event is (Wang and Takada 2005),
𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑃𝑃(∑𝑛𝑛𝑖𝑖=1 𝑌𝑌𝑖𝑖 ≤ 𝑁𝑁) = ∑𝑋𝑋 𝑆𝑆(𝑋𝑋)[ ∑𝑛𝑛𝑖𝑖=1 𝑌𝑌𝑖𝑖 ≤ 𝑁𝑁]

(4.4)

The de-aggregation approach requires the determination of the threshold probability that
𝑇𝑇
an individual building is unsafe to occupy (𝑃𝑃𝑈𝑈𝑈𝑈
), given that a desired prescribed target
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𝑇𝑇
inventory system reliability (𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠
) is achieved, to satisfy the overall community resilience

goal. This is the inverse if the problem in which the inventory reliability is computed.
Computation of the system reliability considering correlated building performance requires
Monte Carlo Simulation (MCS) (Wang and Ellingwood 2015). The advantage of MCS is
that its convergence does not depend on the number of random variables in the system,
which makes it a practical approach for solving high-dimensional problems (Cutter et al.
2010). In the current analysis, the MCS requires that building functional state deviates, 𝑌𝑌𝑖𝑖 ,

be simulated from a multivariate distribution in which the marginal random variable are
defined by a Bernoulli distribution as in Eq. (4.3) and the correlation matrix in Eq. (4.1).

For the purposes of illustration, it is assumed that a certain community has 100 residential
buildings that are the same type and were built in the same time. The assumption here
indicates that the housing stocks are also homogeneous. In this chapter, buildings located
in different community or built according to different building codes and engineering
practices are not considered; however, this assumption can be easily relaxed when a real
world community is considered. It also needs to be noted that the correlation in an
inhomogeneous building stock is weaker and hard to quantify, despite the correlation due
to the common hazard demand still exists unless the buildings are widely separated. The
system reliability as a function of the failure of probability of failure for an individual
building are determined from Eqs. (4.1)-(4.4) as shown in Figure 4.2. The results are
calibrated with previous studies (e.g., Wang and Ellingwood (2015)). The failure
probability of individual residential buildings are approximately 0.012 when the system
reliability is set to be 0.95 (Wang and Ellingwood 2015). In comparison, the failure
probability of individual residential buildings is approximately 0.013 when the system
reliability is set to be 0.95 in this chapter. The curve titled as uncorrelated means the
correlation in performance between buildings is zero; while the curve titled as correlated
shows the damage between buildings are correlated. As shown in Figure 4.2, when the
system reliability of the community is required to be above approximately 85%, the
uncorrelated curve significantly underestimates the probability of failure of individual
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building required to achieve the accordingly system reliability of the community. In
practice, the building performances are positively correlated.

Failure probability of individual building

10-1

Correlated
Uncorrelated
10-2
60%

65%

70%

75%

80%

85%

90%

95%

System reliability of the community

Figure 4.2 Probability of failure for individual building versus system reliability of the
housing stock

From Figure 4.2, it shows high community resilience requires low probability of failure for
individual building. For example, it can be seen that in order to achieve a system reliability
of 0.93, the probability of failure for individual building should be less than approximately
0.023; a system reliability of 0.85 requires the probability of failure for individual building
less than approximately 0.06. If all the buildings are considered as uncorrelated, the system
reliability will be 95% as long as the probability of failure for each buildings is below
approximately 5%. This de-aggregating process provides the criteria for designers and
decision makers when the community resilience is considered in the planning stage of
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community construction. It also provides a measure index for hurricane damages as well
as the evaluation of different mitigation strategies.

4.3 Formulation of resilience for individual residential buildings
Several methods have been proposed for quantification of resilience (Bruneau et al. 2003;
Cutter et al. 2010). The adoption of a metric can help improve resilience strategies and aid
alternative prioritization for hurricane mitigation. In this chapter, a methodology for
quantification of resilience against hurricane events is presented by adopting functionality,
and loss and recovery functions from the previous research on earthquake hazard
(Cimellaro et al. 2010). Such an adoption is reasonable, because both hazards have
different damage levels causing different levels of loss and damage with certain
probabilities. Recoveries from both disasters depend on preparedness, mitigation,
response, and recovery efforts. The methodology presented in this article can also be
modified and extended to make it applicable to other types of hazards, after defining the
functionality for the according hazard (Tokgoz and Gheorghe 2013).
The adopted formulation is being used to compote for individual residential buildings as
shown in Eq. (4.5). Fragility analysis, wind speed probability distribution, recovery
functions, and loss of use function are incorporated into the formulation.

𝑅𝑅 = 100 �

𝑣𝑣2

𝑣𝑣1

𝑇𝑇𝑒𝑒 (𝑣𝑣)
𝑣𝑣2
1
��
𝑄𝑄(𝑡𝑡, 𝑣𝑣)𝑑𝑑𝑑𝑑� 𝑔𝑔(𝑣𝑣)𝑑𝑑𝑑𝑑/ � 𝑔𝑔(𝑣𝑣)𝑑𝑑𝑑𝑑
𝑇𝑇𝑒𝑒 (𝑣𝑣) 0
𝑣𝑣1

𝑄𝑄(𝑡𝑡, 𝑣𝑣) = 1 − �

𝑋𝑋

𝑗𝑗=1

(𝑗𝑗)

𝐿𝐿𝑗𝑗 (𝑣𝑣)𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟 [𝑡𝑡, 𝑇𝑇𝑎𝑎 (𝑣𝑣)]

(4.5)

(4.6)

where 𝑅𝑅 is resilience of a building (%), 𝑣𝑣 is wind speed, 𝑣𝑣1 is the minimum wind speed

considered, 𝑣𝑣2 is the maximum wind speed considered, 𝑇𝑇𝑒𝑒 is expected recovery time, 𝑄𝑄 is
functionality, 𝑡𝑡 is time, 𝑔𝑔 is distribution for probability of having winds with a speed of 𝑣𝑣,
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(𝑗𝑗)

𝑋𝑋 is damaged states, 𝐿𝐿𝑗𝑗 is direct and indirect losses for damage state 𝑗𝑗, 𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟 is recovery

function for damage state 𝑗𝑗, and 𝑇𝑇𝑎𝑎 is actual recovery time. The following assumptions
were made: (1) Environmental losses are not considered in this chapter; (2) Complex

terrain effects are not taken into consideration; (3) Recovery actions will take into place
immediately after hurricane events; (4) Recovery process is continuous and recovery can

be restored until 90% of its original states. The key components of the formulation is
demonstrated in Figure 4.3.
.
Resilience Attributes

Resourcefulness

Rapidity & Redundancy

Robustness

Fragility analysis

Recovery time

Wind speed

function
Direct and indirect loss

distribution

Individual building Resilience
Figure 4.3 Flowchart of formulation for individual building resilience

4.3.1 Hurricane Wind speed
Previous studied have estimated wind speeds (Mudd et al. 2014; Russell and Schueller
1974; Twisdale et al. 1983; Vickery et al. 2000; Vickery et al. 2006). Vickery et al. (2000)
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performed hurricane simulations and proposed that the Weibull distribution is an
appropriate model for hurricane wind speed prediction in the U.S. The two-parameter
Weibull distribution probability distribution function (PDF) is given below,
(4.7)

𝑣𝑣 𝛼𝛼−1
𝑣𝑣 𝛼𝛼
𝑔𝑔(𝑣𝑣) = 𝛼𝛼 � �
exp[− � � ]
𝑢𝑢
𝑢𝑢

where 𝑣𝑣 is the wind speed, 𝑢𝑢 and 𝛼𝛼 is are site-specific parameters. The wind speed 𝑣𝑣, is
related to the return period (𝑇𝑇) of the hurricane by
1 1
𝑣𝑣 = 𝑢𝑢[− ln( )]𝛼𝛼
𝑇𝑇

(4.8)

The wind speed maps developed from Vickery et al. (2000) indicate that the 50, 100, and
1000-year return period 3-sec gust wind speeds at Miami-Dade County, Florida are 59, 67
and 81 m/s (132, 150 and 182 mph) respectively. The corresponding Weibull distribution
parameters are 𝑢𝑢 = 27.58, 𝛼𝛼 =1.79 (Li and Ellingwood 2006).

4.3.2 Fragility curves
Fragility analysis presents the probability of exceeding a damage limit sate for a given
structural type subjected to natural or man-made hazards (e.g., earthquake, hurricane)
(Dong and Li 2015; Li and Ellingwood 2006). Fragility analysis of residential construction
has been studied by Dong and Li (2015); Ellingwood and Wen (2005). The structural
system fragility has been modeled by a lognormal cumulative distribution function (CDF)
(Li and Ellingwood 2006). The lognormal fragility model is given by,

𝐹𝐹𝑅𝑅 (𝑦𝑦) = Φ[(ln(

𝑦𝑦
)/𝜉𝜉 ]
𝑚𝑚𝑅𝑅 𝑅𝑅

(4.9)
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where Φ(∙) is standard normal probability integral; 𝑚𝑚𝑅𝑅 is median capacity; 𝜉𝜉𝑅𝑅 is
logarithmic standard deviation,

which is the inherent variability in the capacity,

approximately equal to the coefficient of variation (COV) when its value is less than 0.3.
By using the lognormal distribution, the entire fragility curve and its uncertainty can be
expressed by only two parameters. The validity of the lognormal assumption had been

established for wood construction (Li and Ellingwood 2006). Usually first-order (FO)
reliability analysis and Monte Carlo simulation are the common tools to develop the
fragility curves (Li and Ellingwood 2006). In this chapter, Monte Carlo simulation is
adopted in developing fragility curves. Table 4.1 lists the random variables used in the
analysis. The wind load statistics in the table include five variables, where 𝐾𝐾ℎ is exposure

factor, 𝐾𝐾𝑑𝑑 is directional factor, 𝐺𝐺 is gust factor, 𝐶𝐶𝑃𝑃 is external pressure coefficient, and 𝐶𝐶𝑃𝑃𝑃𝑃

is internal pressure coefficient. The structural resistance statistics shown in the table
contain five components including resistance of roof sheathing, roof covering, roof-to-wall
connections, glass door, and window glasses.
Table 4.1 Random variables
Type

Variable
Mean
COV
CDF
Source
0.57
0.12
Normal
𝐾𝐾ℎ (Exposure B)
2.32
0.22
Normal
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C)
0.15
0.05
Normal
𝐺𝐺𝐺𝐺
(Fully)
Load
𝑃𝑃𝑃𝑃
0.45
0.09
Normal
𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃 (Partially)
0.89
0.14
Normal
𝐾𝐾𝑑𝑑
(Dong and Li 2015;
Roof sheathing 1.89(Kpa)
0.1
Normal
Li and Ellingwood
Roof covering 1.77(KN) 0.23
Normal
2007)
Roof-to-wall
5.84(KN)
0.1
Normal
Resistance
Connections
Glass Door
2.45(Kpa) 0.25
Weibull
Window
2.61(Kpa) 0.25
Weibull
glasses
C&C = component and cladding; CDF = cumulative distribution function;
Full = fully enclosed; Partially = Partially enclosed
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Li et al. (2011) defined three building damage states to failures of building components:
minor damage—one roof panel; moderate damage—more than one window panel or
multiple roof panels; and severe damage—roof-to-wall connections. In this chapter, roof
covering damage is also considered as a damage state. The four defined damage states are
shown in Table 4.2.
Table 4.2 Damage state definition.
Damage state

Definition

Slight

First roof covering damage

Minor

First roof sheathing damage

Moderate

More than one window/door breakage

Severe

roof-to-wall connection damage

Figure 4.4 demonstrates the hurricane fragility of damage states for a typical
residential building. The probability of slight damage is 0.5 when the wind speed is around
30 m/s. In comparison, when the wind speed is around 70 m/s. the probability of severe
damage is 0.5.
1
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Figure 4.4 Hurricane fragility with four different damage states
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4.3.3 Direct and indirect loss estimation
Direct loss analysis has typically been used to evaluate structural losses under extreme
event. For example, the direct loss from the hurricane wind and the resulting rainwater
intrusion is computed using such a method by Dao and van de Lindt (2010). Loss is
computed as financial loss and then adjusted to be a percent of the building replacement
value. In this chapter, the direct loss refers to structural and non-structural losses. The direct
economic loss function can be determined as (Li et al. 2011).
(4.10)

4

𝐿𝐿𝑗𝑗,𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 (v) = � 𝑃𝑃𝑗𝑗 (𝑣𝑣)𝐷𝐷𝑗𝑗 𝐼𝐼
𝑗𝑗=1

in which I is the total replacement cost for an individual construction; 𝑗𝑗 is damage state

(slight, minor, moderate, and severe); 𝐷𝐷𝑗𝑗 is losses attributable to hurricane in terms of

percentage of total value as the consequence of 𝑗𝑗th limit state; 𝑃𝑃𝑗𝑗 (𝑣𝑣) is probability to be in
damage state j at a given wind speed 𝑣𝑣, but double calculation needs to be avoided in the
process. For example, probability of slight damage includes probability of minor damage,

and then the slight damage level should subtract the moderate damage. The damage ratios
of 2, 5, 20 and 50% are used for slight, minor, moderate, severe damage states for hurricane
(Li et al. 2011).
Many empirical studies have been conducted to estimate the economic impacts of hurricane
in general (Elliott et al. 2015; Fischer et al. 2015; Li et al. 2011). In this chapter, the indirect
cost is defined as the cost associated with injuries and death. The injury and fatality costs
are estimated $7500/person and value of life is assumed to be $2 million/person
(Ellingwood and Wen 2005). The injury rate, fatality rate, and damage ratio are shown in
Table 4.3, in this chapter, the slight injury rate and death rate are assumed to be 0.01 and

0.001, respectively.
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Table 4.3 Damage state/ injury/ fatality relationship
Damage

Slight Minor

Moderate

Severe

Injury rate

0.01

0.05

0.1

0.2

Death rate

0.001

0.005

0.01

0.02

Damage

0.05

0.2

0.4

0.9

Source

State
(Ellingwood and Wen 2005)

ratio
The indirect loss can be expressed as,
𝐿𝐿𝑗𝑗,𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (v) = ∑4𝑗𝑗=1 −𝐶𝐶𝑗𝑗 [𝑙𝑙𝑙𝑙 �1 − 𝑃𝑃𝑗𝑗 (𝑣𝑣)� − 𝑙𝑙𝑙𝑙 �1 − 𝑃𝑃𝑗𝑗+1 (𝑣𝑣)�]

(4.11)

where 𝐶𝐶𝑗𝑗 is the injury/fatality cost, and 𝑃𝑃𝑗𝑗 (𝑣𝑣) is probability to be in damage state j at a
given wind speed 𝑣𝑣.

The total structural loss can be presented as
(4.12)

𝐿𝐿𝑗𝑗 (𝑣𝑣) = 𝐿𝐿𝑗𝑗,𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 (𝑣𝑣) + 𝐿𝐿𝑗𝑗,𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (𝑣𝑣)

It is assumed that the insured value of a typical residential house is $200,000 and all
residential buildings in the community have identical values. Figure 4.5 illustrates the
momentary losses including direct loss and indirect loss under hurricane events. It can be
observed that the losses vary from different damage states. The costliest damage is
associated with severe damage state, from which the total damage could reach
approximately $140,000 when the wind speed is around 100 m/s.
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Figure 4.5 Monetary losses including direct and indirect losses
Figure 4.6 demonstrates the sensitivity analysis for monetary loss including direct and
indirect losses. 10th, 30th, 50th, 70th, and 90th percentile values account for the uncertainty
involved in the estimation. For example, the values are around $59,100 (10th),
$54,820(30th), $50,200 (50th), $46,102 (70th), and $38,550 (90th) when the wind speed is
50 m/s. It can be seen that monetary loss increases dramatically when the wind speed
increase from 40 m/s to 60m/s.
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Figure 4.6 Sensitivity analysis for monetary losses direct and indirect losses

4.3.4 Recovery time estimation
There are great uncertainties in defining recovery functions. For instance, recover in poor
area from a hurricane event is usually slower than that of a rich area (Tokgoz and Gheorghe
2013). In the literature, there is no consensus reached about the hurricane recovery models
(Tokgoz and Gheorghe 2013). A few earthquake models have been proposed. Miles and
Chang (2006) performed a comprehensive recovery study for earthquakes and applied to
Kobe earthquake. Cimellaro et al. (2010) and (Tokgoz and Gheorghe 2013) proposed some
simplified time-dependent recovery functions. In their study, the function selected was
based on the response of the affected society. In this study, the exponential, normal, linear,
and sinusoidal recovery functions are used, and are assigned to slight damage, minor
damage, moderate damage, and severe damage as shown in Eqs. (4.13)-(4.16) (Tokgoz and
Gheorghe 2013),
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𝑓𝑓𝑟𝑟𝐸𝐸𝑟𝑟𝑟𝑟 [𝑡𝑡, 𝑇𝑇𝑎𝑎 (𝑣𝑣)] = exp[log �1 −
𝑓𝑓𝑟𝑟𝑁𝑁𝑟𝑟𝑟𝑟 [𝑡𝑡, 𝑇𝑇𝑎𝑎 (𝑣𝑣)]
𝐿𝐿 [𝑡𝑡,
𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟
𝑇𝑇𝑎𝑎 (𝑣𝑣)]

(4.13)

𝜆𝜆
𝑡𝑡
�
]
100 𝑇𝑇𝑎𝑎 (𝑣𝑣)

(4.14)

𝜆𝜆
𝑡𝑡 2
= exp[log �1 −
�
]
100 𝑇𝑇𝑎𝑎 (𝑣𝑣)2
=�

𝜆𝜆𝜆𝜆

1 − 100𝑇𝑇

𝑠𝑠 [𝑡𝑡,
𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟
𝑇𝑇𝑎𝑎 (𝑣𝑣)] = �

𝑎𝑎 (𝑣𝑣)

0,

, 0 ≤ 𝑡𝑡 ≤
𝑡𝑡 >

(4.15)

100𝑇𝑇𝑎𝑎 (𝑣𝑣)

𝜆𝜆
100𝑇𝑇𝑎𝑎 (𝑣𝑣)

𝜆𝜆

𝜆𝜆

𝑡𝑡
],
𝑎𝑎 (𝑣𝑣)

cos[arccos �1 − 100� 𝑇𝑇
0,

0 ≤ 𝑡𝑡 ≤

𝑡𝑡 >

𝜋𝜋𝑇𝑇𝑎𝑎 (𝑣𝑣)

2arccos(1−

𝜋𝜋𝑇𝑇𝑎𝑎 (𝑣𝑣)

2arccos(1−

𝜆𝜆
)
100

𝜆𝜆
)
100

(4.16)

Accurate estimation of recovery time is critical to quantify individual building resilience.
In order to estimate recovery time, the calculation of Loss of use approach from the
hurricane module of HAZUS for residential buildings has been adopted (Tokgoz and
Gheorghe 2013). Losses of use for the four damage states are given as 5, 120, 360, and 720
days, respectively (Tokgoz and Gheorghe 2013). A linear interpolation is used in HAZUS
to compute expected recovery times for loss ratios different from these four cases.
Both the expected and actually losses of use, in terms of days, are identified as a function
of wind speed in order to help with the quantification of reliance. Based on the expected
loss of use at different damage states in HAZUS, the expected loss of use can be determined
as,
(1)

(2)

(3)

(4.17)

(4)

𝑇𝑇𝑒𝑒 (𝑣𝑣) = 𝑇𝑇𝑒𝑒 𝑃𝑃1 (𝑣𝑣)+ 𝑇𝑇𝑒𝑒 𝑃𝑃2 (𝑣𝑣)+ 𝑇𝑇𝑒𝑒 𝑃𝑃3 (𝑣𝑣) + 𝑇𝑇𝑒𝑒 𝑃𝑃4 (𝑣𝑣)

where expected recovery time is weighted with the relevant damage state probability for
(1)

each damage state, and 𝑇𝑇𝑒𝑒

(2)

= 5, 𝑇𝑇𝑒𝑒

(3)

= 120, 𝑇𝑇𝑒𝑒

(4)

= 360, 𝑇𝑇𝑒𝑒

= 720 are expected

recovery times for slight damage, minor damage, moderate damage, severe damage,
respectively. The actual recovery time is defined as,
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(1)

(2)

(3)

(4.18)

(4)

𝑇𝑇𝑎𝑎 (𝑣𝑣) = 𝑇𝑇𝑎𝑎 𝑃𝑃1 (𝑣𝑣)+ 𝑇𝑇𝑎𝑎 𝑃𝑃2 (𝑣𝑣)+ 𝑇𝑇𝑎𝑎 𝑃𝑃3 (𝑣𝑣) + 𝑇𝑇𝑎𝑎 𝑃𝑃4 (𝑣𝑣)
(1)

(2)

(3)

(4)

where 𝑇𝑇𝑎𝑎 , 𝑇𝑇𝑎𝑎 , 𝑇𝑇𝑎𝑎 ,and 𝑇𝑇𝑎𝑎

are the actual recovery times for slight damage, minor

damage, moderate damage, severe damage, respectively. Actual recovery times are also
used for damage states. The actual recovery time can be less than, equal to, or greater than
the expected recovery time for each damage state. In this chapter, actually recovery time
(𝑗𝑗)

(𝑗𝑗)

for damage states are assumed to have Rayleigh distribution as 𝑇𝑇𝑎𝑎 ~ℛ(0.8𝑇𝑇𝑒𝑒 ) (Tokgoz

and Gheorghe 2013).

It needs to be noted that the relationship between probability of failure for individual
buildings and individual resilience is defined as,
(4.19)

𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 1 − 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

Figure 4.7 demonstrates the relationship between actual recovery time and wind speed. In
order to better illustrate how the wind speed affect the actual recovery days, a sensitivity
analysis is presented in Figure 4.6. Three levels, 20% percentile. 50% percentile, and 80%
percentile, are illustrated. It can be observed that the recovery days in 80% percentile level
are significant greater than the recovery days in 50% percentile and 20% percentile. For
example, when the wind speed achieves 90 m/s, the actual recovery time is over 1600 days
for the 80% percentile; in comparison, the actual recovery time is approximately 600 days
for the 20% percentile for the same wind speed.
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Figure 4.7 Sensitivity analysis of actual recovery time
Figure 4.8 demonstrates the relationship between resilience for individual residential
buildings and hurricane wind speeds. Four different recovery functions, which are
exponential, normal, linear, and sinusoidal recovery functions, respectively, are considered
in the analysis. It can be observed that application of exponential recovery function shares
the highest resilience and the application of sinusoidal recovery function shares the lowest
resilience. Since there is no consensus about which recovery function should be used in the
literature, all four recovery functions are explored (Tokgoz and Gheorghe 2013).When the
hurricane wind speed is less then approximately 40 m/s, the building does not lose
significant resilience; however, when the wind speed goes over 100 m/s, the resilience
under all circumstances goes to zero. This results in the graph are calibrated with those of
Tokgoz and Gheorghe (2013).
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Figure 4.8 Quantification of resilience for individual residential buildings

4.4 Discussions of individual and community resilience
At this point, the gap between individual resilience and community resilience can be
bridged. It is worth mentioning that the scope of the community performance objective
confines to housing occupiable conditions (e.g., 95% probability that less than 5%
community housing will be unsafe to occupy after the hurricane event). For example, a
performance target for a community is determined to be “no more than 20% of the
community’s housing stock will become unsafe to occupy after a category 3 hurricane
event.” The Saffire-Simpson hurricane damage potential scale defines the wind speeds for
category 3 hurricane events ranging from 50 m/s to 58 m/s. From the framework, it can be
interpreted as “the failure probability of individual residential buildings, which is defined
as the collapse of the building, should be less than approximately 7.8%.” It can also be
interpreted as “the individual resilience should not be less than approximately 92.2%.”
From Fig. 8, it can be seen that when the wind speed reaches 58 m/s, the individual
resilience under all circumstances are below 92.2%. Hence, this community resilience goal
mentioned above cannot be achieved. In order to achieve the community resilience goal,
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retrofit strategy needs to be proposed and evaluated, during which the cost needs to be
assessed. Here it is worth to mention that reliability and resilience are not the same concept,
and reliability is just a key component in the resilience quantification process.
It needs to be noted that, in the process of de-aggregating community resilience to
individual building resilience, the effects of the assumptions of correlation and
uncorrelation between buildings in the community would have a significant impact on the
output of the analysis. Uncorrelation treatment in the analysis could lead to conservative
results, which directly affects the decision making in the initial design and strategies. For
example, if all the buildings are considered as uncorrelated, the system reliability will be
95% as long as the probability of failure for each building is below approximately 5%; if
considered fully correlated, the probability of failure for each buildings needs to be below
approximately 1.2%. Adachi and Ellingwood (2008) mentioned that when a hazard event
(e.g., hurricane) affects a complex geographically distributed system like a community,
spatial correlations in both demand and capacity must be taken into account. Wang and
Ellingwood (2015) emphasized that hazardous events with large footprints introduce
spatial and temporal correlations to the demands on the community infrastructure. It is also
known that common building practices and code enforcement within a community also
introduce positive correlation in structural response above and beyond that introduced by
hazards (Tokgoz and Gheorghe 2013). Previously research such as FEMA/NIBS. (2003)
considered uncorrelation in evaluating individual building damages and losses. Such
correlations depend on the stochastic variability in the demand from hazard events over the
affected area at both spatial and temporal scales, the number of structures and their
locations, and their susceptibility to damage. These factors must be taken into account for
de-aggregating the community resilience into individual building resilience.
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4.5 Conclusions
This chapter proposed a framework to evaluate if a residential community could achieve
its resilience goal by de-aggregating the community resilience goal to individual resilience
goal and quantifying the individual resilience. The individual resilience model contains the
hurricane fragility analysis of residential construction, hurricane wind model, direct and
indirect loss estimation as well as recovery time estimation. The proposed framework,
however, only focuses on residential buildings and does not apply to buildings with
difference structures (industrial or commercial buildings) or other infrastructures. Followup research will be conducted to consider other types of building structures. In addition, a
more complicated correlation model needs to be studied and the more accurate results
require further data collection and analysis.
For future work, the retrofit strategies will be evaluated to meet the goals of community
resilience. Optimization method can be applied to determine the number of buildings that
needs to be retrofitted. Environmental losses will also be incorporated into the loss models.
It is also needed to develop a more accurate recovery function to better evaluate the
individual building resilience.
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5. Evaluation of Hurricane Resilience of Residential
Community Considering a Changing Climate, Social
Disruption Cost, and Environmental Impact 4
5.1 Introduction
Hurricane resilience, which has been identified as an effective metric for the risk
assessment of residential community, refers to the ability of communities to withstand the
impacts of hurricane events and to recover from such disasters in effective and efficient
manners. Tokgoz and Gheorghe (2013) quantified hurricane resilience for individual
residential building. Other than hurricane, resilience has also been used in assessing risks
regarding other natural hazard such as earthquakes (Bonstrom and Corotis 2014; Bruneau
et al. 2003; Bruneau and Reinhorn 2007; Cimellaro et al. 2010; Wang and Ellingwood
2015). Some studies managed to link the individual facility resilience to community
resilience (Mieler et al. 2014; Wang and Ellingwood 2015). Wang and Ellingwood (2015)
attempted to break down community resilience goal to individual facility resilience goal
without quantifying individual facility resilience. Yoon et al. (2016) constructed a set of
indicators in order to measure community resilience in terms of human, social, economic,
environmental, and institutional factors.
The potential effects of a changing climate are considered in this chapter. It has been known
that the future hurricane damage to residential community could be aggravated by the
potential impact of a changing climate (Bjarnadottir et al. 2014). The effects of a changing
climate will be gradually aggravating from 2010 through 2110 (IPCC 2007). Changing
climate will likely alter hurricane patterns (e.g., intensity and frequency), subsequently
increases the vulnerability of the facilities (IPCC 2013; Wang et al. 2012). Stewart et al.
(2011) indicated that the effects of a changing climate is a major cause of reinforcement
corrosion in buildings and most infrastructures. Peng and Stewart (2016) stated that a
4
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changing climate will accelerate the deterioration processes and consequently decline the
safety, serviceability and durability of reinforced concrete infrastructures. Dong and Li
(2015) demonstrated that wood residential construction will incur severe damage under the
combining effects of the changing climate and embedded corrosion.
In recent decades, environmental issues have been drawing great attention. As a result, the
public gradually realizes that the environmental costs of residential community subjected
to natural hazards such as hurricanes and earthquakes cannot be ignored. The mechanism
of hurricane- induced environmental losses is greenhouse gas emission in the process of
structural rehabilitation after a hurricane event (Arroyo et al. 2015). Dong and Li (2016)
quantified environmental losses of a residential building subjected to hurricane events.
Feese et al. (2014) examined the environmental losses of buildings subjected to seismic
events. Wei et al. (2015) proposed a lifecycle assessment (LCA) framework to quantify
building long-term environmental performance under the impact of natural hazards.
Social disruption cost under natural hazards has been relatively ignored in the many of
previous risk assessment due to hurricanes. This chapter considers the social disruption
cost during hurricane events and attempt to quantify it in a case study. In this chapter, social
disruption is defined as residents in the community having their housing totally or partially
damaged by hurricanes, which directly led to the residents moving/repairing houses at
work, significant reduction of work productivity as well as their kids missing school, etc.
The evaluation of social disruption cost will be categorized into non-environmental cost
analysis in later section.
This chapter aims to propose a comprehensive framework to evaluate hurricane resilience
of residential community considering the potential effects of a changing climate, social
disruption cost, and environmental loss. The hurricane simulations are performed including
both stationary and non-stationary scenarios. The de-aggregating of community resilience
for hurricanes will be investigated. In the process of quantifying individual resilience,
social disruption cost and environmental impact are accounted as a key component in the
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formulation. Port St Lucie, Florida is the assumed location of interest for a typical
residential community. The framework can be used for facilitate decision makers to
achieve the goals of community resilience through initial design or hurricane mitigation.

5.2 Hurricane Simulation
In this chapter, hurricane simulation is employed to account for the potential effects of
climate change since it takes hurricane frequency and intensity into consideration in the
simulation model. The hurricane frequency can be simulated as a Poisson distribution (Xu
and Brown 2008). A bi-normal distribution is used to model the hurricane approach angle
(Kaplan and DeMaria 1995; Xu and Brown 2008). After landfall, hurricanes travel along a
straight path in Florida due to the narrow shape of the state (Xu and Brown 2008). The
central pressure difference is modeled as the Weibull distribution (Georgiou et al. 1983;
Huang et al. 2001; Vickery and Twisdale 1995; Xu and Brown 2008). Hurricane wind
speed decays after landfall because of friction by land mass and reduction in storm’s
moisture and the gradient wind speed (𝑉𝑉𝐺𝐺 (𝑡𝑡)) at any location at time 𝑡𝑡 is given by (Holland
1980; Vickery et al. 2009):

𝐵𝐵
𝑅𝑅
⎡ 𝑅𝑅
𝐵𝐵 𝐵𝐵(𝑡𝑡)∆𝑝𝑝 exp �− � 𝑚𝑚𝑚𝑚𝑚𝑚 � �
𝑟𝑟 2 𝑓𝑓 2 ⎤
𝑟𝑟
𝑚𝑚𝑚𝑚𝑚𝑚
⎥
𝑉𝑉𝐺𝐺 (𝑡𝑡) = ⎢�
� �
�+
𝜌𝜌
4 ⎥
⎢ 𝑟𝑟
⎣
⎦

1�
2

−

𝑟𝑟𝑟𝑟
2

(5.1)

where 𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚 is the radius to maximum wind speed, 𝑟𝑟 is the distance from hurricane eye to
point of interest, 𝐵𝐵(𝑡𝑡) is the Holland parameter, ∆𝑝𝑝 is the central pressure difference, ρ is
air density, and 𝑓𝑓 is the Coriolis parameter.

The 3-sec wind speed at the height of 10 m in an open-country exposure at year t can be
calculated as below,
𝑉𝑉𝐺𝐺1 = 𝑉𝑉𝐺𝐺 ∗ 𝑆𝑆𝑆𝑆 ∗ 𝐺𝐺𝐺𝐺

(5.2)
96

where SF is surface wind speed factor ranging from 0.8 to 0.86 based on the intensity of
storms (Vickery et al. 2000); GS is gust wind speed factor with a mean value of 1.287 and
a standard deviation of 0.002 Xu and Brown (2008). Given any hurricane wind speed from
above, the velocity pressure on a building is calculated as (ASCE 2010)
𝑞𝑞ℎ (𝑡𝑡) = 0.613𝐾𝐾ℎ 𝐾𝐾𝑧𝑧𝑧𝑧 𝐾𝐾𝑑𝑑 (𝑉𝑉𝐺𝐺1 (𝑡𝑡))2 (𝑁𝑁⁄𝑚𝑚2 )

(5.3)

where 𝐾𝐾ℎ = exposure factor, 𝐾𝐾𝑧𝑧𝑧𝑧 = topographic factor (taken equal to unity in this
chapter), 𝐾𝐾𝑑𝑑 = directional factor.

The wind pressure 𝑊𝑊(𝑡𝑡) acting on structure is determined by (ASCE 2010):
𝑊𝑊(𝑡𝑡) = 𝑞𝑞ℎ (𝑡𝑡)[𝐺𝐺𝐶𝐶𝑝𝑝 − 𝐺𝐺𝐶𝐶𝑝𝑝𝑝𝑝 ]

(5.4)

in which 𝑞𝑞ℎ (𝑡𝑡)= velocity pressure evaluated at mean roof height at t year, 𝐺𝐺 = gust

factor, 𝐶𝐶𝑝𝑝 = external pressure coefficient, 𝐶𝐶𝑝𝑝𝑝𝑝 = internal pressure coefficient. This is the
basis for the winds pressures in ASCE Standard 7 (ASCE 2010). Table 1 summarizes the
wind load statistics for a typical low-rise residential structure. The dimensions are 8.5m by
12.2 m (28 ft by 40 ft), and the mean roof height is 3.8m (12.5 ft). The external pressure
coefficients (𝐺𝐺𝐶𝐶𝑝𝑝 ) are dependent on various gable roof slopes.
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Table 5.1 Wind load statistics
𝐾𝐾ℎ (Exposure B)
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 1:12,
𝜃𝜃 < 7° )
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 6:12,
7° < 𝜃𝜃 ≤ 27° )
𝐺𝐺𝐺𝐺𝑃𝑃 (C&C) Zone 3 (slope 12:12,
27° < 𝜃𝜃 ≤ 45° )
𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃 (Enclosed)
𝐺𝐺𝐺𝐺𝑃𝑃𝑃𝑃 (Partial enclosed)
𝐾𝐾𝑑𝑑
C&C: Component and cladding

Mean
0.57

COV
0.12

CDF
Normal

Source

2.02

0.22

Normal

2.32

0.22

Normal

(Li
and
Ellingwood
2006)

1.12
0.15
0.45
0.89

0.22
0.05
0.09
0.14

Normal
Normal
Normal
Normal

An upward trend in hurricane activities has been observed over the last 30 years (Emanuel
2005; IPCC 2007; Mudd et al. 2014). The effects of climate change could alter patterns of
hurricane hazard which can aggravate the degree of damage to coastal buildings (Banholzer
et al. 2014). Donat et al. (2011) stated that the monetary losses subjected to hurricane due
to changing climate could be increased up to 75% by 2080. Hurricane frequency and
intensity are the changing variables in the hurricane simulation model due to changing
climate. Wang et al. (2013) indicated that ± 10 𝑚𝑚/𝑠𝑠 changes in extreme wind gust speeds

with a 500-year return period are likely to happen when subjected to ± 20 % intensity

change and ± 50 % occurrence frequency change of hurricanes. Knutson et al. (2010)

concluded that the global frequency of tropical cyclones will either decrease or remain

unchanged with the authors predicting a decrease between -6 to -34%. Staid et al. (2014)
stated the change of the hurricane intensity ranges from -20% to +40%. Landsea et al.
(2010) on the other hand reported the range of future hurricane frequency to be between 30% to +35%. Based on the information above, the following seven climate change
scenarios from the year 2000 to 2050 are assumed and listed in Table 5.2:
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Table 5.2 Climate change scenarios
Scenario

1

2

3

4

5

6

7

Change in
intensity

0

10%

0

10%

10%

20%

-20%

Change in
Frequency

0

0

10%

-10%

10%

15%

15%

The wind speed for the chosen location (27.3oN, 80.3oW) are listed in Table 5.3 including
the baseline scenario (no changing climate) and the six climate change scenarios above.
For frequency variation, the parameter of the Poisson distribution is altered. For intensity
variation, the randomly sampled central pressure difference at landfall is altered. The
change in frequency and intensity from the present time to the end of the 21st century is
assumed to be linear as suggested by Stewart et al. (2013).
It can be noted from Table 5.3 that changes in intensity has higher effect on wind speeds
than changes in frequency. Among the seven scenarios, only scenario 7 (+15% change in
frequency, -20% change in intensity) resulted in decrease in wind speed at all return periods
despite 15% increase in frequency. The highest wind speed is 85 m/s in scenario 6 (+20%
chance in intensity, +15% change in frequency) with a return period of 1200 years.
Scenario 7 has the lowest wind speed of 53 m/s with a return period of 50 years.
Table 5.3 Hurricane wind speed (m/s) at 27.3oN, 80.3oW for various climate scenarios
Scenarios

Return Period (years)
50

100

200

300

700

1200

1700

1

57

62

68

71

76

80

82

2

59

64

70

73

78

82

84

3

58

63

69

72

77

81

83

4

58

64

69

72

78

81

83

5

59

65

70

73

79

82

84

6

61

72

72

75

81

85

87

7

53

59

64

66

72

75

77

99

5.3 De-aggregation of Community Resilience
In this chapter, community resilience refers to the resilience of wood residential buildings
in a community. The resilience of a residential community is correlated with the
performance of the individual buildings in the community. For example, after an intensive
hurricane event, a residential community may require that less than 5% of buildings
become unsafe to occupy. A community objective can be “less than 3% of buildings within
the community are unsafe for occupancy following a category 3 hurricane”.
The building damage levels within an inventory are correlated (Wang and Ellingwood
2015). Under significant hurricane event, building damages within a community would be
positively correlated; otherwise it is very likely to overestimate the system reliability and
underestimate accordingly losses (Adachi and Ellingwood 2008; Wang and Takada 2005).
The correlation in performance between buildings resulting from the common hazard (e.g.,
hurricane) and common design and engineering practices was described by an exponential
function (Wang and Takada 2005). The system resilience, 𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠 , defined as the probability
that less than N buildings in the community become unsafe to occupy after a hurricane

event is (Wang and Takada 2005),

𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠 = � 𝑆𝑆(𝑋𝑋)[ �
𝑋𝑋

𝑛𝑛

(5.5)

𝑌𝑌𝑖𝑖 ≤ 𝑁𝑁]

𝑖𝑖=1

where X is damage state vector, 𝑆𝑆(𝑥𝑥) the joint probability distribution of the inventory
damage states, n the total number of buildings, 𝑌𝑌𝑖𝑖 is defined for building 𝑖𝑖 representing the

building functional status,
0,
𝑌𝑌𝑖𝑖 = �
1,

𝑋𝑋𝑖𝑖 = 1,2 (Safe to occupy)
𝑋𝑋𝑖𝑖 = 3,4 (Unsafe to occupy)

100

(5.6)

5.4 Formulation of Resilience for Individual Residential Buildings
It has been recognized that the appropriate formulation of individual resilience can greatly
facilitate quantifying community resilience. Many researchers had attempted to quantify
seismic resilience (Bruneau et al. 2003; Cutter et al. 2010). A well-rounded quantification
of resilience was proposed by adopting functionality, and loss and recovery functions from
the previous research on earthquake hazard (Cimellaro et al. 2010). In this chapter, this
formulation is adopted for hurricane hazard because both hazards share similar definitions
of damage states and cause loss and damage with certain probabilities (Li and Ellingwood
2009). Recoveries from both disasters will depend on preparedness, mitigation, response,
and recovery efforts. The methodology presented in this article can also be modified and
extended to make it applicable to other types of hazards, after defining the functionality for
the according hazard (Tokgoz and Gheorghe 2013). The formulation is shown in Eq. (5.7).
1

𝑇𝑇 (𝑣𝑣)

𝑅𝑅 = 100 𝑇𝑇 (𝑣𝑣) �∫0 𝑒𝑒
𝑒𝑒

(5.7)

(𝑗𝑗)

(1 − ∑𝑋𝑋𝑗𝑗=1 𝐿𝐿𝑗𝑗 (𝑣𝑣)𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟 [𝑡𝑡, 𝑇𝑇𝑎𝑎 (𝑣𝑣)])𝑑𝑑𝑑𝑑�

where 𝑅𝑅 is resilience of a building (%), 𝑣𝑣 is wind speed, 𝑇𝑇𝑒𝑒 is expected recovery time, 𝑡𝑡 is
(𝑗𝑗)

time, 𝑋𝑋 is damaged states, 𝐿𝐿𝑗𝑗 is direct and indirect losses for damage state 𝑗𝑗, 𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟 is recovery

function for damage state 𝑗𝑗, and 𝑇𝑇𝑎𝑎 is actual recovery time. The following assumptions are
made: (1) Environmental losses are not considered in this chapter; (2) Complex terrain

effects are not taken into consideration; (3) Recovery actions will take into place

immediately after hurricane events; (4) Recovery process is continuous and recovery can
be restored until 90% of its original states.

5.4.1 Reliability Analysis
A probabilistic assessment provides a method in evaluating uncertainty, performance and
reliability of structures subjected to natural hazards such as hurricanes and earthquakes.
Before evaluating a probabilistic assessment, structural damage states, or conditions in
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which the structural system ceases to perform its intended functions in certain ways must
be identified (Li and Ellingwood 2006). Considering this chapter focuses on typical wood
residential buildings, the damage state is defined in Table 5.4.
Table 5.4 List of damage state definition
Damage state

Definition

Slight

First roof covering damage

Minor

First roof sheathing damage

Moderate

More than one window/door breakage

Severe

roof-to-wall connection damage

The probability of any damage state of a structure is defined in Eq. (5.8) as the probability
of exceeding a damage limit sate for a given structural type subjected to natural or manmade hazards (Li and Ellingwood 2009).
(5.8)

𝑃𝑃(𝐷𝐷𝐷𝐷) = Σ𝑃𝑃(𝐷𝐷𝐷𝐷|𝐷𝐷 = 𝑦𝑦)𝑃𝑃(𝐷𝐷 = 𝑦𝑦)

where P(D=Y) is the probability that the demand equals a specific level y, and P(DS|D=y)
is the conditional system limit state probability. The summation emphasizes the role of the
theorem of total probability in risk assessment. The conditional probability of failure of the
system for a given loading condition is defined as the system fragility. The fragility is
central to the probabilistic analysis to assess the capacity of a system to withstand a specific
demand (e.g., a 100-yr return period hurricane event). The structural system fragility has
been modeled by a lognormal cumulative distribution function (CDF) (Li and Ellingwood
2006). The lognormal fragility model is given by,

𝐹𝐹𝑅𝑅 (𝑦𝑦) = Φ[(ln(

𝑦𝑦
)/𝜉𝜉 ]
𝑚𝑚𝑅𝑅 𝑅𝑅

(5.9)

where Φ(∙) is standard normal probability integral; 𝑚𝑚𝑅𝑅 is median capacity; 𝜉𝜉𝑅𝑅 is
logarithmic standard deviation, which is the inherent variability in the capacity,
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approximately equal to the coefficient of variation (COV) when its value is less than 0.3.
By using the lognormal distribution, the entire fragility curve and its uncertainty can be
expressed by only two parameters. The validity of the lognormal assumption had been
established for wood construction (Li and Ellingwood 2006).

5.4.2 Non-Environmental Loss estimation considering social disruptions
In this chapter, non-environmental loss refers to direct, indirect, and social disruption costs.
Direct loss usually is defined as structural loss under extreme event. For example, Li (2012)
performed direct loss analysis by using assembly-based method under hurricane event. In
this chapter, the direct loss refers to structural losses (e.g., roof panel, truss) and nonstructural losses (e.g., assets inside the house including computer, TV, etc.). The direct
economic loss function is shown as (Li et al. 2011),
(5.10)

4

𝐿𝐿𝑗𝑗,𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 (v) = � 𝑃𝑃𝑗𝑗 (𝑣𝑣)𝐷𝐷𝑗𝑗 𝐼𝐼
𝑗𝑗=1

in which I is the total replacement cost for an individual construction; 𝑗𝑗 is damage state

(slight, minor, moderate, and severe); 𝐷𝐷𝑗𝑗 is losses attributable to hurricane in terms of

percentage of total value as the consequence of 𝑗𝑗th limit state; 𝑃𝑃𝑗𝑗 (𝑣𝑣) is probability to be in
damage state j at a given wind speed 𝑣𝑣, but double calculation needs to be avoided in the

process (Li 2012). The damage ratios of 2, 5, 20 and 50% are used for slight, minor,

moderate, severe damage states for hurricanes (Li et al. 2011).

The indirect cost refers to the injuries, death of human being. The injury and fatality costs
are estimated $7500/person and value of life is assumed to be $2 million/ person
(Ellingwood and Wen 2005). Social disruption has yet been considered in probabilitybased cost analysis in the past. However, the reality shows the social disruption is a main
contributor for the indirect loss (Galea et al. 2008; Harvey 2016). It needs to be noted that
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since there is no available data with regards to social disruptions, for illustration purpose,
this chapter will make assumption on damage state for social disruptions. The social
disruption costs are estimated $50,000/household. The injury rate, fatality rate, and damage
ratio are shown in Table 5.5,
Table 5.5 Damage state/ injury/ fatality/social disruptions relationship
Damage State

Slight Minor

Moderate

Severe

Injury rate

0.01

0.05

0.1

0.2

Death rate

0.001

0.005

0.01

0.02

(Ellingwood and Wen

0.2

0.3

0.4

2005; Li 2010)

0.2

0.4

0.9

Social disruption 0.1

Source

rate
Damage ratio

0.05

The indirect loss can be expressed as,
𝐿𝐿𝑗𝑗,𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (v) = ∑4𝑗𝑗=1 −𝐶𝐶𝑗𝑗 [𝑙𝑙𝑙𝑙 �1 − 𝑃𝑃𝑗𝑗 (𝑣𝑣)� − 𝑙𝑙𝑙𝑙 �1 − 𝑃𝑃𝑗𝑗+1 (𝑣𝑣)�]

(5.11)

where 𝐶𝐶𝑗𝑗 is the injury/fatality cost, and 𝑃𝑃𝑗𝑗 (𝑣𝑣) is probability to be in damage state j at a
given wind speed 𝑣𝑣. The non-environmental loss can be expressed as
𝐿𝐿𝑗𝑗 (𝑣𝑣) = 𝐿𝐿𝑗𝑗,𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 (𝑣𝑣) + 𝐿𝐿𝑗𝑗,𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (𝑣𝑣)

(5.12)

5.4.3 Environmental impact from hurricanes
Over decades, it has been well recognized that global warming and its potential effects are
a result of greenhouse gases (e.g., Carbon dioxide, Carbon monoxide, Sulfur dioxide,
Nitrous oxide, etc.) (Arroyo et al. 2015). Carbon dioxide (𝐶𝐶𝑂𝑂2) emissions are considered

as the most hurricane activity related greenhouse gas as the byproduct of manmade product

(such as cement, asphalt etc.) and the use of fossil fuels. However, recently more studies
have been showing that the natural hazards could cause significant greenhouse gas
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emissions. For example, hurricanes may cause environmental losses because each time a
damaged facility is rehabilitated after a hurricane event, greenhouse gases (e.g., 𝐶𝐶𝑂𝑂2) will
be emitted because of the repair and replacement of the damaged materials (Arroyo et al.

2015). Therefore, considering environmental losses is needed in the framework of

hurricane risk analysis. The damage cost of structures involves the consideration of their
initial cost and the potential future losses caused by hurricanes. In order to quantify
greenhouse emissions for a given process, those corresponding to the different gases are
transformed into an equivalent carbon dioxide emission (i.e.𝐶𝐶𝐶𝐶2 − 𝑒𝑒). The 𝐶𝐶𝐶𝐶2 − 𝑒𝑒

emissions for common materials are shown in Fig. 1 (Arroyo et al. 2015). From Figure 5.1,
it can be shown that steel and glass share the largest values in upper boundary, while
concrete and wood show relatively weaker emissions. However, it needs to be noted that
the lower boundary of glass is much higher than the rest of the materials.

Upper boundary

Emissions (𝐾𝐾𝑔𝑔 𝐶𝐶𝑂𝑂2−𝑒𝑒/𝑡𝑡𝑜𝑜𝑛𝑛)

Lower Boundary
4000
3000
2000
1000
0

Concrete

Glass

Steel

Wood

Upper boundary

179

2100

3809

400

Lower Boundary

11

257

35

14

Materials

Figure 5.1 Emissions for common materials

Carbon-tax approach will be used to place a value on the societal cost of greenhouse gas
emissions. It needs to be noted that the values of carbon tax usually span 3 orders of
magnitude and the large scatter is in part a consequence of various approach used in the
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estimation of the value of the carbon tax (Watkiss and Downing 2008). The present value
of the environmental losses for a hurricane event occurring at time t can be computed as:

4

4

𝐿𝐿𝑒𝑒 = � � 𝜆𝜆𝑖𝑖 𝑒𝑒
𝑖𝑖=1 𝑗𝑗=1

−𝑑𝑑𝑒𝑒

(5.13)

𝐻𝐻𝐼𝐼 𝜂𝜂𝑗𝑗

in which 𝐻𝐻𝐼𝐼 is the total insured value of a building; 𝜂𝜂𝑗𝑗 is the ratio of the environmental cost
and the total insured value of the buildings under 𝑗𝑗th emission scenarios; j=1…4, where 1

is the slightest scenario and 4 is severest scenario; 𝐻𝐻𝑗𝑗 𝜂𝜂𝑗𝑗 is the cost of greenhouse gas

emissions produced under 𝑗𝑗th emission scenarios during their construction; 𝑑𝑑𝑒𝑒 is
environmental associated discount rate; 𝜆𝜆𝑖𝑖 is mean annual damage ratio attributable to

hurricanes, which are 2, 5, 20 and 50% for slight, minor, moderate, severe damage states
for hurricanes (Dong and Li 2016).

Three emission scenarios and five carbon tax values are proposed in Table 6 accounting
for the sensitivity of those variables. For simplicity, each emission scenario will take the
average values. For slight scenario, 𝜂𝜂1 =0.00188; for minor scenario, 𝜂𝜂2 = 0.00362; for
moderate scenario, 𝜂𝜂3 = 0.01806; for severe scenario, 𝜂𝜂4 =0.037. For parameter 𝑑𝑑𝑒𝑒 , it has

been recognized that 𝑑𝑑𝑒𝑒 should be negative because the damage related to 𝐶𝐶𝐶𝐶2 − 𝑒𝑒

emissions is a function of the cumulated stock (Arroyo et al. 2015). A value of 𝑑𝑑𝑒𝑒 equal to
-0.008 was selected in the context of a linear regression analysis by fitting an exponential
curve by (Arroyo et al. 2015).
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Table 5.6 𝜂𝜂𝑗𝑗 values related to the cost of 𝐶𝐶𝐶𝐶2 − 𝑒𝑒 emissions for wood buildings

Emission
scenarios

Carbon tax values

𝐶𝐶𝐶𝐶2 − 𝑒𝑒

US$10

US$20

US$50

US$70

US$220

5

0.0003

0.0005

0.0013

0.0018

0.0055

2

10

0.0001

0.001

0.0025

0.0035

0.011

3

50

0.0003

0.005

0.0125

0.0175

0.055

4

100

0.005

0.01

0.025

0.035

0.11

(ton)

1

5.4.4 Recovery time estimation
Existing literatures have demonstrated great immaturity in determining post-disaster
housing recovery (Nejat and Ghosh 2016). The complex nature of recovery process makes
hard for scholars to quantifying recovery time. There are many internal and external factors
affecting this process. For example, recover in poor area from a hurricane event is usually
slower than that of a rich area (Tokgoz and Gheorghe 2013). Other factors include: (1)
availability of insurance; (2) tenure or place attachment; and (3) availability of funding
from external resources such as federal, state, local, and charities (Nejat and Ghosh 2016).
Tokgoz and Gheorghe (2013) adopted Loss of use approach from the hurricane module of
HAZUS for residential buildings in consideration of these factors (Tokgoz and Gheorghe
2013). Losses of use for the four damage states are given as 5, 120, 360, and 720 days,
respectively (Tokgoz and Gheorghe 2013). A linear interpolation is used in HAZUS to
compute expected recovery times for loss ratios different from these four cases. In this
chapter, this method is adopted in order to estimate the recovery time from hurricane event
in the framework. The exponential, normal, linear, and sinusoidal recovery functions are
used, and are assigned to slight damage, minor damage, moderate damage, and severe
damage (Tokgoz and Gheorghe 2013). The expected loss of use at different damage states
can be determined as,
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(1)

(2)

(3)

(5.14)

(4)

𝑇𝑇𝑒𝑒 (𝑣𝑣) = 𝑇𝑇𝑒𝑒 𝑃𝑃1 (𝑣𝑣)+ 𝑇𝑇𝑒𝑒 𝑃𝑃2 (𝑣𝑣)+ 𝑇𝑇𝑒𝑒 𝑃𝑃3 (𝑣𝑣) + 𝑇𝑇𝑒𝑒 𝑃𝑃4 (𝑣𝑣)

where expected recovery time is weighted with the relevant damage state probability for
(1)

each damage state, and 𝑇𝑇𝑒𝑒

(2)

= 5, 𝑇𝑇𝑒𝑒

(3)

= 120, 𝑇𝑇𝑒𝑒

(4)

= 360, 𝑇𝑇𝑒𝑒

= 720 are expected

recovery times for slight damage, minor damage, moderate damage, severe damage,
respectively. The actual recovery time can be less than, equal to, or greater than the
expected recovery time for each damage state. In this chapter, actually recovery time for
(𝑗𝑗)

(𝑗𝑗)

damage states are assumed to have Rayleigh distribution as 𝑇𝑇𝑎𝑎 ~ℛ(0.8𝑇𝑇𝑒𝑒 ) (Tokgoz and
Gheorghe 2013).

5.5 Illustrative Case Study
For the purposes of illustration, it is assumed that a residential community with 100
residential buildings that are the same type and built in the same time located at a particular
location (27.3°N, 80.3°W) in Port St Lucie, FL. A performance target for this community
is set to be “no more than 20% of the community’s housing stock will become unsafe to
occupy after a 100-yr return period hurricane event.
Monte Carlo Simulation (MCS) is employed to construct the relationship between
community resilience considering correlated building performance and individual building
resilience (Wang and Ellingwood 2015). From the de-aggregating process, the community
performance target can be interpreted as “the failure probability of individual residential
buildings, which is defined as the collapse of the building, should be less than
approximately 7.8%.” In other word, the individual resilience should not be less than
approximately 92.2%.” The results are calibrated with previous studies (e.g., Wang and
Ellingwood (2015)).
The assumed community is identified with typical light-frame residential buildings with
the dimensions of 8.5 m by 12.2m (28 ft by 40 ft), one story, mean roof height of 3.8 m
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(12.5 ft), and 6:12 slope gable roof without overhang. Panels are nailed at a spacing of
150 mm at the edges of the perimeter and 300 mm in the panel interior and the sheathing
thickness 15.9 mm. The roof covering is adhesive-set clay tiles. The roof panels is 1.2m by
2.4m with nominal nail diameter of 2.9 mm (6d). The steel fasteners are hot-dip galvanized
to ASTM A153, Class D. The zinc coating thickness is set to be 43 𝜇𝜇𝜇𝜇 in the chapter (Dong
and Li 2016). The framing members, such as trusses or rafters, consist of 50.8 mm by 101.6

mm Spruce-Pine-Fir (SPF) lumbers and are spaced 0.6 m on center with a specific gravity
of 0.36. A common type of roof-to-wall connections is used which the rafter is connected

to the wall using an H2.5 hurricane clip, installed as per manufacturer specifications.
The dead loads include the weights of roof covering, sheathing, which increase the
structural resistance. The mean value of the dead load is 77 Pa (1.6 psf) with a coefficient
of variation (COV) of 0.1 (Li and Ellingwood 2006). The resistant statistics of five
components including resistance of roof sheathing, roof covering, roof-to-wall
connections, glass door, and window glasses are considered in Table 5.7.
Table 5.7 Resistance statistics
Type

Resistance

Variable

Mean

COV

CDF

Roof sheathing

1.89 (Kpa)

0.1

Normal

Roof covering

1.77 (KN)

0.23

Normal

5.84 (KN)

0.1

Normal

Glass Door

2.45 (Kpa)

0.25

Weibull

Window glasses

2.61 (Kpa)

0.25

Weibull

Roof-to-wall
Connections

Source

(Dong

and

Li

2016)

Hurricane fragility analysis presents the probability of exceeding a damage limit sate for a
given structural type subjected to hurricane. Figure 5.2 demonstrates the hurricane fragility
of damage states for a typical residential building mentioned above. It can be observed that
probability of failure for different damage states differs significant, especially for between
slight damage state and severe damage state. For example, when the wind speed reaches to
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approximately 30 m/s, the probability of failure for slight damage states is 0.5; however, it
takes a wind speed of 70 m/s to get to 50% probability of failure. The difference between
minor damage state and moderate damage state is smaller, for instant, both damage states
share 50% probability of failure when their wind speeds are in the range of 42 m/s and 48
m/s.

Probability of failure

1
0.8

Slight damage state
Minor damage state

0.6

Moderate damage state
0.4

Severe damage state

0.2
0

0

10

20

30

40

50

60

70

Wind speed (m/s)

80

90

100

110

120

Figure 5.2 Hurricane fragility with four different damage states
Figure 5.3 shows the overall monetary losses including environmental and nonenvironmental losses for different damage states. The potential maximum losses occur at
severe damage state, which is approximately $165,100. In this chapter, for each damage
state, the environmental cost is insensitive to wind speed due to lack of considering input
variable for wind speed. For future chapter, a more comprehensive environmental loss
model needs to be studied for the accuracy of the loss model. For a 100-yr hurricane event,
the monetary losses combining all damage states together for proposed climate change
scenarios are $145,233, $158,733, $151,298, $158,733, $165,061, $204,054, $112,408. It
can be observed that for in climate change scenario 6 (+20% chance in intensity, +15%
change in frequency), the monetary losses for the 100-yr hurricane event exceed the house
insured value, which is $200,000.
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Figure 5.3 Monetary losses including environmental and non-environmental losses
Figure 5.4 illustrates the loss comparisons between different types of losses under climate
change scenario 6 (+20% chance in intensity, +15% change in frequency), which is the
most intensive climate change scenario proposed in this chapter under the 100-yr return
period hurricane event. In the past, the inputs such as social disruption cost and
environmental loss have been ignored for hurricane risk assessment. From Fig. 5, it can be
seen that social disruption cost and environmental lost account for over 14%, especially
social disruption cost share over 10%. In general, direct loss shares the largest ratio, which
is approximately 63% and the accordingly monetary loss is $87,516. Despite the
environmental loss only account for 4% in the evaluation, it should be noted that the current
environmental loss evaluation model is still premature and needs to be developed in the
future chapter. In evaluating environmental loss, the carbon tax values scatter three
magnitudes and many other uncertainties are involved in the model. The accuracy in
evaluating environmental loss and social disruption cost can be greatly improved once
there are enough real world data available in the future. Hence, it is likely that the
evaluation of environmental loss and social disruption costs could be underestimated. The
results clearly show that such loss inputs (i.e., social disruption cost and environmental
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loss) cannot be ignored and the effects of losses incurred by these two parameters need to
be highlighted.
4%
11%

Direct Loss

1%

Death Loss
Injury Loss
Social Disruption Cost

22%

Environmental Loss

63%

Figure 5.4 Loss Comparison under climate change scenario 6 (+20% chance in intensity,
+15% change in frequency) under 100-yr return period hurricane event
The relationship between individual resilience and proposed climate change scenarios
under 100-yr return period hurricane event is shown in Figure 5.5. Four damage states,
which are slight, minor, moderate, and severe are considered. It can be see that for each
climate change scenarios, severe damage state accounts for the lowest resilience, and
contrarily slight damage state shares the highest resilience. In sum, climate change scenario
7 (+15% change in frequency, -20% change in intensity) holds the highest resilience, which
is approximately 80% for slight damage state. In comparison, climate change scenario 6
(+20% chance in intensity, +15% change in frequency) becomes the lowest resilience,
which accounts for only nearly 10% for severe damage state.
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Figure 5.5 Individual resilience for climate change scenarios under 100-yr return period
hurricane event
Since the highest resilience value in Figure 5.5 is approximately 80%, it indicates that this
kind of structural configurations cannot meet the target objective in which the individual
resilience should not be less than approximately 92.2% in the case study. The results shown
above give designer and decision makers a clear pathway and criteria to make a resilience
oriented objective. An iteration process can be used in order to make the structure
configurations fit the community resilience goal.

5.6 Conclusions
This chapter proposes a framework to evaluate hurricane community resilience by
including key elements such as various scenarios of changing climate, hurricane fragility,
direct hurricane damage loss, environmental and non-environmental losses considering
social disruption events. In the case study of Port St Lucie in FL shows that the indirect
damage loss, environmental damage, and social disruption cost accounts for 22%, 4%.
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11%, respectively, for a 100-yr return period hurricane event, which shows that the social
disruption cost and environmental impact play an important role in probability-based cost
analysis. A de-aggregating process made the transition between community and individual
resilience feasible. By applying this framework, the existing community can be evaluated
for its hurricane resilience and the community-to-be can achieve the specific community
resilience goal.
To improve the framework, a more comprehensive environmental loss evaluation model
need to be studied in the future study; more real world data are in demand in order to
develop a social disruption loss evaluation model. This framework can also be applied to
other natural hazards such as earthquake and flooding. The community resilience under
multiple hazards such as hurricane and flooding combination is another area that needs to
be explored in the future.
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6. Summary, Conclusions, and Future Work
6.1 Summary and Conclusions
This dissertation proposed a comprehensive framework to assess and quantify hurricane
resilience of residential community. In small scale, the framework can be used to evaluate
structural reliability in residential construction; in large scale, it can be employed to assess
hurricane resilience in a community level. In summary, this dissertation
1. Evaluated the reliability of wood roof panels with zinc-coated fasteners subjected
to hurricane events considering the combining effects of changing climate and
embedded corrosion.
2. Extended the traditional risk assessment of untreated wood construction to treated
wood construction.
3. Proposed and evaluated various retrofitting strategies to reduce the hurricane
damage to the roofing structure.
4. Assessed hurricane damage to wood residential construction in monetary losses
including direct, indirect, social disruption, and environmental impact. Four major
damage modes (i.e., roof covering, roof sheathing, roof-to-wall connection, and
buildings openings) are included in the structural analysis.
5. Conducted hurricane simulations including both stationary and non-stationary
scenarios in the process of risk analysis.
6. Proposed a probability-based comprehensive framework to assess hurricane
resilience of residential community by integrate hurricane fragility analysis,
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hurricane simulations, direct, indirect, social disruptions, and environmental costs
as well as post-event recovery time estimation.
Major findings are summarized as follows:
1. The performance of the roof panels only reduce slightly under all circumstances
before the zinc coatings are fully corroded. Afterwards, the roof panel reliability
will lose over half in 30 years with the combined effects of changing climate and
embedded corrosion are considered
2. Applying closed-cell sprayed applied polyurethane foam (ccSPF) is the most
effective method to reinforce the roof panels during hurricane events. The
deterioration pattern of ccSPF is still unknown. The corresponding studies need to
be performed and once the information is available, the time-dependent ccSPF
performance can be evaluated and the effectiveness of such strategy can be reassessed.
3. It should be noted that there are considerable uncertainties exist in hurricane
simulation with various climate change scenarios. It is recommended to analyze all
possible climate change scenarios and find out the worst scenario. The uncertainty
here includes if the worst scenario can be identified, otherwise the results of risk
analysis could be unconservative.
4. Social disruption cost is estimated to account for bigger percentage in the total loss
than environmental and injury losses. However, there exists great uncertainty in
quantifying social disruption cost as well as the damage state. More real world data
needs to be collected in order to account for social disruption cost.
5. Indirect and environmental losses can be accounted for 40% to 55% of the total loss
with hurricane intensity ranging from -20% to 40% and hurricane frequency
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ranging from -30% to 35%. In particular, indirect loss increases significantly when
certain climate change scenario aggravates the situation.
6. In the process of de-aggregating community resilience to individual building
resilience, the effects of the assumptions of correlation and uncorrelation between
buildings in the community would have a moderate impact on the output of the
analysis. Uncorrelation treatment in the analysis can lead to conservative results,
which directly affects the decision making in the initial design and mitigation
strategies. For example, if all the buildings are considered as uncorrelated, the
system probability will be 95% as long as the probability of failure for each building
is below approximately 5%; while the buildings are considered fully correlated, the
probability of failure for each building needs to be below approximately 1.2%.
The limitations of the conclusions:
1. The accuracy of the calculated structural resistance is limited due to the great
uncertainty in roof panel ultimate capacity prediction and corrosion propagation
path, and the ignorance of roof covering load.
2. The assumptions made in hurricane simulation affect the hurricane speed and
direction predictions. For example, the hurricane simulation model assumes
hurricane travel along a straight path in Florida due to the narrow shape of the state.
The translation velocity is assumed to be constant after landfall.
3. There are great uncertainties in loss evaluation models including environmental and
social disruption costs. However, the accuracy of the loss evaluations can be
improved by developing more comprehensive mathematical models for both.
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4. The uncertainty in quantifying recovery time limited the accuracy of resilience
evaluation. In the process, assumptions need to be made such as the determination
of recovery level, when the recovery can take place and other unpredictable factors.

6.2 Future Work
The future investigations are suggested to further improve the accuracy of the proposed
framework as well as related mathematical models.
1. Multiple corrosion mechanisms need to be considered including atmospheric
corrosion. The combined effects of embedded, atmospheric corrosions and wood
decay for untreated wood is another area for further investigation.
2. A more accurate mathematical model for ultimate capacity prediction for roof panel
needs to be developed.
3. More comprehensive mathematical models for environmental and social disruption
loss estimation need to be studied; multiple hazards (e.g., combined hurricane wind
and hurricane-induced surge) is needed for further investigation (e.g., flooding and
earthquake).
4. The retrofit strategies need to be evaluated to meet the goals of community
resilience. Optimization method can be applied to determine the number of
buildings that needs to be retrofitted. It is also needed to develop a more accurate
recovery function to better evaluate the individual building resilience.
5. More data are in demand in order to develop a social disruption loss evaluation
model. The community resilience under multiple hazards such as hurricane and
flooding combination needs to be explored in the future.
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